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 Many studies have been carried out to examine the sources of racial disparities in crime.  
However, there are some limitations in most of those studies. One limitation is that the majority 
focus on black-white comparisons.  Another limitation is that many primarily examine violent 
offending.  In addition, most studies have solely relied on either contextual level or individual 
level explanations.  My dissertation attempts to address these limitations in previous literature by 
using data from the first wave of the National Longitudinal Study of Adolescent Health to 
examine racial disparities in different types of offenses among non-Latino whites, non-Latino 
blacks, non-Latino Asians, and Latinos.  I use a multilevel linear method to model self-reported 
violent, property, and drug offenses when controlling both contextual level and individual level 
covariates that are drawn from social disorganization, anomie/strain, social learning, and social 
bond theory, simultaneously.  Different from previous studies, I also use item response modeling 
to construct measures for my dependent variables such as violent offense.  Findings from my 
dissertation show that there are some disparities in different types of offending between white 
and non-white adolescents.  Furthermore, the gaps in different types of offending for Asian-
white, black-white, and Latino-white comparisons are affected by different explanatory 
covariates.  Demographic background such as immigration status, school bonds, and grades 
(social bond theory) seem to explain Asians’ lower level of reported violence in relation to 
whites.  The gaps in violence between whites and blacks seem to stem from multiple sources.  
All aforementioned four theories seem to provide some explanations for this group comparison, 
but none of these theories explain away the differences in violent offending between them.  For 
Latino-white gaps in violence, contextual effects such as concentration disadvantages account for 
the differences between these two groups.   As for property and drug offending, the social 
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learning predictor peer delinquency seems to explain the gaps between whites and other races.  
Additionally, different covariates such as peer delinquency, school bond, and grades also have 
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CHAPTER I: INTRODUCTION 
It is well established in criminology that different racial or panethnic groups
1
 have 
different offending patterns in the United States (Feldmeyer 2010; Gabbidon and Greene 2009; 
Harris and Shaw 2000; Hawkins, Laub, and Lauritsen 2000; Hindelang 1978; Kaufman 2005; 
LaFree, Drass, and O'DAY 1992; Martinez 1998; Martinez and Valenzuela 2006; Peterson and 
Krivo 2005b; Sampson 1985; Sampson and Wilson 1995; Tonry 1996; Walker, Spohn, and 
DeLone 2000).   Blacks and Latinos are generally found to be at a higher risk of involvement in 
violent crimes such as homicide compared to their white counterparts (Elliott and Ageton 1980; 
Harris and Shaw 2000; Hindelang 1978; 1981; LaFree, Baumer and O’ Brien 2010; Lee et al. 
2001; Martinez and Lee 2000; Philips 2002; Sampson and Lauritsen 1997).  The 
overrepresentation of blacks and Latinos in the criminal justice system tends to exacerbate white-
minority tensions.  The public holds stereotypically negative opinions of these minorities and 
often views them as a social threat because of their representation in the criminal justice system 
(Blalock 1967b; D'Alessio, Stolzenberg, and Eitle 2002; Liska 1992; Liska and Chamlin 1984; 
Quinney 1970; Quinney 1980).  Therefore, it is essential to identify the underlying sources of 
racial gaps in crime in order to reduce crime rates.  By examining the causes of gaps in offending, 
researchers are able to make more effective policy recommendations regarding how to reduce 
crime and how to alleviate racial inequality in US society that is manifested through the 
overrepresentation of minorities in the criminal justice system.   
 Often, researchers rely on official arrest data, victimization data, and self-reported crime 
data to examine the magnitude and degree of racial disparities in crime.  However, the size of the 
                                                 
1
 In this study, I will examine whites, blacks, Latinos, and Asians.  Although the US government does not classify 
Latinos as a race, there is considerable sociological evidence that Latinos represented a racialized group (see 
Martinez 1998).  For simplicity, all groups used in this study will hereafter be referred to as “races” or “racial 
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racial gaps that are reported differs depending on the data source and the type of offense.  For 
instance, official statistics such as the Uniform Crime Report (UCR) arrest data generally show 
that whites have much lower arrest rates for most types of crime such as violent and property 
offenses compared to blacks and Latinos, but that Asians tend to be arrested for crimes much less 
often than any other group (Gabbidon and Greene 2009; Harris and Shaw 2000; Hawkins, Laub, 
and Lauritsen 2000; Hindelang 1978; Hindelang 1981; LaFree 1995).  Victimization data such as 
the National Crime Victimization Survey (NCVS)
2
, which is collected annually by the Bureau of 
Justice Statistics in order to study individuals’ and households’ victimization experiences that 
may not be captured by arrest data, shows the same general disparity patterns as the UCR data 
regarding the racial gap in more serious violent offense, but the size of this gap is not as wide.  
However, there are large discrepancies between the UCR and the NCVS regarding racial gaps in 
non-violent crime such as property crime (Blumstein, Cohen, and Rosenfeld 1991; Booth, 
Johnson, and Choldin 1977; Cantor and Cohen 1980; Lynch and Addington 2007; Rosenfeld 
2007).   As for drug offending, official statistics show that blacks and Latinos are 
overwhelmingly overrepresented in the criminal justice system; that is, a disproportionate 
number of blacks and Latinos are arrested and incarcerated for drug-related crimes such as 
possession.  Yet studies using self-report data show that, in some situations, whites are actually 
more likely to use drugs such as marijuana than other racial groups (Rosenfeld and Decker 1999; 
Rouse, Kozel, and Richards 1985; Wallace Jr and Bachman 1991; Warner and Coomer 2003).  
Given the discrepancy between data source regarding racial disparities in crime, some scholars 
such as conflict theorists claim that minorities such as blacks and Latinos are treated unfairly in 
the criminal justice system (Chambliss and Seidman 1971a; Chambliss 1994; Chambliss 2007; 
Liska 1992; Quinney 1980).  Blacks and Latinos are more likely to be arrested, incarcerated, and 
                                                 
2
 It was first called NCS and then it was redesigned in 1992.  After that its name was changed into NCVS 
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receive longer sentencing even though they might not actually commit more crime, such as drug 
offense, than whites (Beckett, Nyrop, and Pfingst 2006; Bosworth 2000; Demuth and 
Steffensmeier 2004; Spohn, Gruhl, and Welch 1981; Steffensmeier and Britt 2001; Zatz 1984).  
However, some other scholars argue that racial gaps in certain offenses actually do exist since 
they are unable to discover systematic discrimination against blacks or other minorities 
(Blumstein 1982; Blumstein, Cohen, and Rosenfeld 1991; Hindelang 1978; Hindelang 1981).   
 Regardless of the data source, it seems to be a general consistent trend that there are 
racial differences in some types of offenses such as homicide in some places some of the time 
(Hindelang 1978; Lynch and Addington 2007; Menard 1987; Sampson and Lauritsen 1997).  
Many studies have been conducted to examine the underlying sources of racial gaps in criminal 
behavior (see for example, Harris and Shaw, 2000; Krivo, et al. 1998; McNulty and Bellair 2003; 
Ousey 1999; Peterson and Krivo 1993; Phillips 2002; Velez, Krivo, and Peterson 2003).  Many 
of the explanations offered to explain racial differences in criminal behavior derive from macro-
level or structural theories such as social disorganization theory and anomie/strain theory 
(Agnew 1985; 1992; 1999; Cloward and Ohlin 1998; Merton 1938; Sampson and Groves 1989; 
Shaw and McKay 1969; Stark 1987).  Scholars in this tradition believe that the sources of racial 
disparities in crime are embedded in racial differences in the characteristics and qualities of 
neighborhoods or other conditions (Bellair 1997; Bursik and Grasmick 1993; Sampson and 
Groves 1989; Sampson, Raudenbush, and Earls 1997; Sampson and Wilson 2005; Shaw and 
McKay 1969; Stark 1987; Veysey and Messner 1999; Wilson 1987).  For instance, scholars such 
as Shaw and McKay (1969) as well as Sampson and his colleagues (1989; 1997) generally 
highlight the importance of neighborhood contexts in shaping crime rates in different places.  
They believe blacks or Latinos experience higher levels of offending compared to whites and 
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Asians because the former two groups are more likely to live in disorganized and disadvantaged 
neighborhoods.  Disorganized neighborhoods not only lack informal social control, but also 
collective efficacy.  Residents of these places are thus unable to successfully intervene in social 
problems that lead to crime (Sampson and Groves 1989; Sampson, Raudenbush, and Earls 1997).  
Disorganized neighborhoods are marked by higher levels of poverty and other deficient 
socioeconomic conditions, and individuals who live in these environments may feel strain that 
compels them to engage in criminal activities (Agnew 1992; Blau and Blau 1982; Merton 1938; 
Shihadeh and Flynn 1996).  Other scholars seek explanations of racial disparities in crime from 
micro-level theories such as social learning and social bond theory (Akers 1998; Hirschi 1969; 
Nye 1958; Sutherland 1947; Sutherland and Cressey 1966).   These researchers generally believe 
that differences in family or individual level conditions such as social bonds, family structure, 
and association with delinquent peers are the sources for racial gaps in crime (Bui 2008; Hirschi 
1983; Jang 2002; Jang 1999b; Jenkins 1997; Le and Kato 2006; Le and Stockdale 2005; 
McNulty and Bellair 2003a; McNulty and Bellair 2003c; Sampson, Morenoff, and Raudenbush 
2005).  Whites or Asians may experience lower levels of offending because they have more 
social bonds and are more likely to grow up in more advantaged families.   
Previous research has broadened our understanding of racial disparities in crime and 
outlined the important roles of neighborhood contexts and family or individual relations in 
shaping crime.  However, there are many limitations to these studies that need to be addressed in 
order to gain a more holistic understanding of this topic.  First, many previous studies have only 
focused on black-white comparisons and have not included other racial groups such as Latinos 
and Asians (see for example, Elliott et al. 1989; Harris and Shaw 2001; Hindelang, et al. 1979; 
Matsueda and Heimer 1987; Wolfgang et al. 1972).  Latinos are the largest minority group in the 
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United State (2010 Census Bureau) and they have been found to have a distinct offending pattern 
for some offenses, so it is problematic to exclude this group from study when assessing the 
relationship between race and crime.  In addition, although Asians are often not given much 
attention by criminologists generally because of their small population size and their lower 
visibility in the criminal justice system, there is still a need to study them since we may be able 
to identify some protective mechanisms that may help to limit their engagements in crime.  
Moreover, compared to whites and blacks, Asians and Latinos have distinct cultural and 
immigration traditions, and so the causes of their criminal activities may not be the same as those 
for whites and blacks (Jang 2002; Lee, Martinez, and Rosenfeld. 2001; Le and Stockdale 2005).   
Therefore, it is very important to include Latinos and Asians into the dialogue of race and crime 
in order to fully understand the underlying sources of disparities.     
Second, much of the prior research on race and crime also tends to focus solely on violent 
crime while ignoring other type of offenses such as property and drug crime (Blau and Blau 1982; 
Convington 2003; Krivo and Peterson 2000; Velez, Krivo, and Peterson 2003; Shihadeh and 
Shrum 2004).  One reason for this omission might be concern about the validity of crime data on 
property and drug offending and if they actually reflect the true offending pattern for each race.  
Generally, UCR arrest data show large racial gaps in property and drug crime, yet such offending 
patterns are often not found in NCVS or self-report data.  This poor convergence between each 
data source is what leads to the concerns about the validity and reliability of data on non-violent 
offenses.  However, there is still a need to study other types of offenses other than violence since 
it is possible that the covariates that account for gaps in violence between each race are different 
than those for property and drug crime. Without studying different types of crime, our ability to 
understand the overall cause of racial disparity will be very limited.      
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Third, another limitation of our understanding of racial disparities in criminal behavior is 
that few studies examine the racial gaps in offending by testing different criminological theories 
at the same time.  Some studies either exclusively rely on structural theories such as social 
disorganization theory (Shaw and Mckay 1942; Kornhauser 1978; Wilson 1987; Smith 1988; 
Sampson and Groves 1989) or micro-level theories such as social bond or social learning theory 
(Hirschi 1969; Jang, 2002; Jenkins1997; Nye 1958).  Therefore, the sources of racial gaps cannot 
be fully identified since the explanatory power of one particular theory might be limited and 
incomplete.  My research incorporates an integrated theoretical perspective that allows for the 
simultaneous use of variables from several theoretical traditions.     
Fourth and finally, most of the aforementioned studies only focus on one level of 
measurement, ether contextual level covariates or individual level covariates.  Few studies 
employ multilevel/hierarchical modeling to account for both individual and contextual level 
variables simultaneously.  Without using multilevel models, it is unclear how both individual and 
contextual level covariates work together to shape individuals’ probabilities of offending.  
Peterson and Krivo (2005) outlined this new direction in research on race and crime and 
encouraged future researchers to employ multilevel modeling.  They believe that multilevel 
analysis will allow researchers to model both individual selection effects in different locations as 
well as actual contextual influences at the same time and therefore expand our understanding of 
the etiological complexity regarding the relationship between race and crime.  Multilevel models 
are also called hierarchical models, random-effects or random-coefficient models, mixed-effect 
models, or simply mixed models (Rabe-Hesketh and Skrondal 2008).  One common theme in 
these multilevel models is that the data are clustered in some way.  For instance, students might 
be nested in schools or people may be clustered in neighborhoods.  In this type of structure there 
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is a high dependence among observations within the same cluster and the standard assumption of 
independent observation that is often used in conventional linear regression is violated (Rabe-
Hesketh and Skrondal 2008).  The reason that there is dependence between observations is that 
people in the same cluster might share similar characteristics and give similar answers to the 
same questions.  Multilevel modeling takes into consideration this dependence and the 
correlation between observations in the same cluster, so it produces more accurate estimates than 
traditional linear regression techniques.  In addition, because of the properties of multilevel 
modeling, researchers are allowed to incorporate random effects such as random intercepts and 
random coefficients into their model and are thus able to examine the differential effects of some 
covariates across clusters.   Therefore, by using multilevel models, researchers are not only able 
to estimate the variance between individuals within the same school or neighborhood and the 
variance between different schools or neighborhoods, but they are also able to examine the 
differential effects of some covariates across clusters.   Researchers utilizing multilevel analysis 
may thus be able to answer some questions that previous researchers could not address due to 
modeling limitations.  For instance, they may be able to determine how much variation in racial 
disparities in crime can be explained by individual level variables or contextual/aggregate level 
variables, if the effects of some individual or contextual variables vary across different clusters 
with different characteristics.  Since the source of racial disparities in criminal behavior is a 
function of both individual and contextual/aggregate level covariates, we will have a better 
understanding of these issues if we consider the interaction of both simultaneously. 
Given the aforementioned gaps and limitation in previous literature, my dissertation aims 
at examining racial disparities in different types of offenses among non-Latino whites, non-
Latino blacks, non-Latino Asians, and Latinos by examining multiple criminological theories at 
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the same time.  Since crime is a socially constructed concept and there are many different types 
of offenses, for the purpose of this study, I will only focus on violent, property, and drug crime 
since these are the most common classifications.   More importantly, I will use multilevel 
modeling to account for both individual and contextual level covariates that are drawn from 
different criminological theories in order to gain a more comprehensive understanding of the 
sources of racial gaps in crime.  Taken together, the primary goals of my study are as follows: 
1. To identify and describe the racial disparities among non-Latino whites, blacks, 
Asians, and Latinos in violent crime, property crime, and drug crime.  
2. To assess the explanatory ability of social disorganization theory, anomie/strain 
theory, social bond theory, and social learning theory in accounting for the racial 
disparity in each type of offense mentioned above.  
3. To evaluate racial disparities in crime by accounting for both individual level and 
contextual level covariates by using a multilevel/hierarchical model. 
In particular, based on the aims of my study, I will address the following research 
questions: 
1. Are there gaps in violent, property, and drug offending between different racial groups?  
2. What are the important sources of racial gaps in crime between each race?   
3. What are the effects of social disorganization, anomie/strain, social learning, and 
social bond theory in shaping racial disparities in crime? 
4. Do the effects of explanatory covariates of crime differ across clusters? 
In order to answer these questions, my dissertation uses data from the first wave of the 
National Longitudinal Survey of Adolescent Health Study (Add Health).  The Add Health study 
uses a nationally representative sample of adolescents in the United States and it contains rich 
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information regarding various topics including risky behaviors such as using violence or drugs, 
family relations, and so on.  Add Health uses a multi-stage cluster sampling strategy and it 
stratifies respondents by different criteria such as state and region.  One unique contribution of 
Add Health data is that it also links the census data on neighborhood characteristics with 
respondents who are clustered in these places.   Because of these characteristics, I am able to use 
multilevel modeling to account for both individual and contextual level covariates by drawing 
from the wave I Add Health in-home questionnaire and contextual files separately.  To be more 
specific, all the dependent and independent variables are constructed from the wave I Add Health 
dataset.  A multilevel linear model is then used for violent, property, and drug offending 
separately in order to assess if the sources of racial disparities in each offense are the same.   
It is worth mentioning that my dissertation focuses on adolescent crime.  Unfortunately, I 
am unable to extend my analysis to other age groups such as adults.  One reason is that I use 
wave I data for my analysis, which was collected when respondents were between 12 and 18 
years old, because many important explanatory variables such as family attachment are only 
available in this wave.  Given the limited availability of data, my study is restricted to adolescent 
offending patterns.  Nevertheless, studying racial disparities in crime/deviance among 
adolescents still helps us to gain a more complete understanding of race and crime.  It is well 
known in criminology that the age-crime curve increases to a peak in the adolescent years and 
then decreases afterward (Farrington 1986; Greenberg 1983; Moffitt 1993; Sampson and Laub 
2003; Steffensmeier, Allan, Harer, and Streifel 1989; Wolfgang, Thornberry, and Figlio 1987).  
Therefore, by studying this group, I might be more likely to capture or discover racial gaps in 
reported offending given the relative prevalence of criminal engagements within this age group.   
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My dissertation has seven chapters including this introduction chapter.  In chapter 2 I 
provide some background on racial disparities in crime and give an in-depth review of the 
theoretical framework as well as prior research regarding my topic.  In the first section of chapter 
3 I describe the data and sample, the construction of my dependent variables, and the measures 
for my individual level and contextual level covariates.  In the next section I discuss the 
statistical models that I use to scale violent, property, and drug offense as well as the 
mathematical equations for multilevel linear regression.  In the final section of chapter 3 I 
describe methods I use for scaling the weights for the multilevel model and the results of model 
diagnostics as well the descriptive statistics for my sample.  In chapters 4, 5, and 6 I give an in-
depth presentation of the results of multilevel analysis of violent, property, and drug offending, 
respectively.  Finally, in chapter 7 I conclude with an outline of the major findings from my 












CHAPTER II: REVIEW OF LITERATURE 
2.1 Racial Disparities in Offending 
It is well established that the distributions of crime in the United States among different 
racial groups are not proportionate, and racial groups have different offending patterns, 
especially in certain violent crimes, (see for example, Blau and Blau 1982; Block 1985; Harer 
and Steffensmeier 1992; Harris and Shaw 2000; Hawkins, et al. 2000; Hindelang 1981; Sampson 
and Lauritsen 1997; Sampson 1985).  Unfortunately, most studies of racial disparity in offending 
exclusively focus on comparisons between whites and blacks (see for example, Elliott et al. 1989; 
Harris and Shaw 2001; Hindelang, et al. 1979; Matsueda and Heimer 1987; Piquero and Brame 
2008;Tracy et al. 1990; Wolfgang et al. 1972).   Research that includes other racial groups such 
as Latinos is not well established, although it has gained popularity in recent years (Lee et al. 
2001; Lee and Martinez 2002; Martinez 1996, 1997; Martinez and Lee 2000; Philips 2002; 
Rennison 2002; Sampson and Lauritsen 1997; Zahn 1987).   Studies that bring Asians into the 
dialogue of racial gaps in crime are even more scarce, and research on Asian crimes is 
underdeveloped (Jang 2002; Le, Arifuku, Louie, and Krisberg 2001; Le, Monfared, and 
Stockdale 2005b; Lee and Martinez 2006; McNulty and Bellair 2003a).  Additionally, 
researchers of crime and race primarily explore violent crimes when studying the underlying 
sources of racial disparities.  Less is known about the racial gaps in property crime and drug 
crime.   
Crime researchers generally rely on three types of data sources, including official 
statistics, victimization data, and self-report data, to study racial disparities in crime.  However, 
each data source has limitations, so we must be cautious when using them to study offending 
patterns.  For instance, official statistics such as the Uniform Crime Report (UCR) arrest data are 
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often used by researchers.  However, arrest data are haunted by what is known as the “dark 
figure.” (Coleman and Moynihan 1996)  Many crimes are not recorded in the UCR and go 
unreported.  Many factors such as the seriousness of offense, police biases, and victims’ 
likelihoods of reporting crime also affect the actual representation of offending patterns based on 
race (Decker, Shichor, and O’ Brien 1982; Hagan and Peterson 1995; Hindelang 1978; Mann 
1993).   Additionally, some researchers point out that crimes only exist as institutions and 
organizations define them (Biderman and Reiss 1967).  Some of the “dark figure” crimes might 
never be bought to the attention of the police or the public if the controlling institutions or 
organizations do not define them as crimes.  For instance, “white collar” crimes, which are 
generally committed by persons of respectability and high social status, are often not reflected in 
official statistics (Braithwaite 1985; Sutherland 1985).  Therefore, the racial gaps observed from 
the official statistics might not be accurate and may merely be the byproducts of institutional and 
organizational process.  The offending patterns based on race might be totally different if 
researchers focus on different types of crimes such as “white collar” crimes instead of “street” 
crimes, which are the central focus of official statistics.  
Despite this limitation, many researchers argue that official statistics are reliable for 
violent crime given the nature of these offenses (Gove, Hughes, and Geerken 1985; Hindelang 
1974).  These researchers believe that the racial disparities in violent crime such as homicide 
reflect actual differential involvement in offending.  In order to ensure the validity and reliability 
of findings on racial gaps in crime, many researchers who use the UCR data also use 
victimization data to check for the convergence and divergence between these two data sources 
(1991; Hindelang 1978; Lynch and Addington 2007; Menard 1987; 1996; O'Brien 1990; 1991; 
O'Brien, Shichor, and Decker 1980; Steffensmeier and Harer 1999).  The reason is that the 
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victimization data such as the National Crime Victimization Survey (NCVS)
3
 are independent of 
police bias since the information on offenders is reported by the victims themselves.  The NCVS 
data are collected by the Bureau of Justice Statistics annually in order to study individuals’ and 
households’ victimization experience.  Despite numerous issues with convergence between the 
UCR and the NCVS, both data sources reveal a general consistency in the crime gaps between 
certain races such as blacks and whites in some types of violent crimes.    
However, there are also some limitations in the NCVS data.  For instance, currently this 
dataset only contains three offender race categories: white, black, and other.  Therefore, 
researchers cannot use the NCVS to study offending patterns for Latinos and Asians.   
Some researchers use self-report data to study racial disparity in crime, but many early 
studies suffered serious methodological problems such as small samples or biased sampling.  
These studies also usually failed to find any racial disparities in offending, and one possible 
reason is that self-report data tends to capture more trivial offenses for which there are not racial 
differences (Cohen and Land 1984; Elliott and Ageton 1980; Hindelang, Hirschi, and Weis 
1979a).  However, later self-report studies have overcome some of the methodological problems 
in early self-report studies by using larger samples such as national representative sampling, and 
these studies tend to produce more reliable findings (Elliott and Ageton 1980; Elliott 1994; 
Elliott, Huizinga, and Morse 1986; McNulty and Bellair 2003c).   Taken together, crime data 
have many shortcomings, therefore, researchers should be very cautious when use them to study 
offending patterns by race. 
In the following pages, I will describe the extent of racial disparity in the commission of 
crime among whites, blacks, Latinos, and Asians.  Since the magnitude and degree of gaps 
between each race vary significantly depending on the sources of crime statistics, I will start by 
                                                 
3
 It was first called NCS and then it was redesigned in 1992.  After that its name was changed into NCVS 
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outlining research by using official statistics and victimization data.   I will then focus on 
selected studies that use self-report data.  Since most studies on racial disparities tend to focus on 
violent offenses, and the biggest gaps are usually revealed in this type of offense, I will focus 
most of my attention on violent crime.  However, I will also discuss racial gaps in drug and 
property offenses when such information is available. 
2.1.1 Racial Disparities in the UCR and NCVS data 
Racial disparities in crime have been observed and examined by criminologists for a few 
decades.  Most studies on racial disparity in crimes exclusively focus on black-white 
comparisons.  Blacks are usually found to have a higher level of offending compared to whites 
(see for example, Blau and Blau 1982; Elliott and Ageton 1980; Hindelang 1981; Krivo and 
Peterson 2000).   However, the magnitude of the gap between these two groups varies across 
different offense types, time frames, locations, and so on (Sampson and Lauritsen 1997).  Studies 
that use official statistics such as the UCR data often have found that the black-white overall 
arrest ratios approximately ranges from 4 to 6 black arrests for every one white arrest (Harris and 
Shaw 2000; Hindelang 1978, 1981; Sampson and Lauritsen 1997;Tonry 1995).  However, the 
black-white arrest gaps are much wider for some specific violent offenses such as robbery and 
homicide.    
Many researchers are concerned about the reliability and accuracy of the UCR data, so 
they also cross reference with the NCVS data in order to assess the racial gaps in crime.  
Generally, data from the NCVS also show some disparities between blacks and whites, but the 
magnitudes of the gaps are smaller. For instance, Hindelang (1978, 1981) used data from the 
1974 and 1976 UCR and NCP (National Crime Victims Panel) to study racial involvement in 
offending.   He found that although blacks accounted for only about 11% of the US population at 
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the time, they accounted for 62%, 48%, 42%, and 37% of arrests in robbery, rape, aggravated 
assault, and simple assault, respectively.  The overrepresentation of blacks in relation to their 
population size is about five times for robbery, four times for rape, and three times for assault.   
The black-white ratio in some offenses such as robbery is as high as 15 to one for men.  Data 
from the NCP show a general consistency with the results obtained from UCR data.  However, 
the offending proportion for blacks is 8% lower for simple assault, 9% lower for rape, and 11% 
lower for aggravated assault in the NCP.   
Findings from other studies that use UCR data are generally consistent with those 
obtained from Hindelang’s studies.  For instance, Lafree (1995) studied the racial gap in index 
crimes
4
, which includes both violent and property crimes, by using UCR data collected between 
1946 and 1990.   He found that over fifty years the ratios of black to white arrest rates fluctuated.  
Overall, the ratios of black-white UCR arrest rates ranged between 9.33 and 16.35 to one for 
robbery, 6.56 and 13.58 to one for murder, 4.39 and 11.91 to one for assault, and 5.31 and 8.44 
to one for rape.  Much smaller racial differences were obtained for burglary, theft and vehicle 
theft (usually between 1.5 and 4.03 to one).   
More recently, Sampson and Lauritsen (1997) used 1992 UCR data and found that the 
ratio of total arrests for violent crime between blacks and whites is approximately 6 to 1.  They 
also obtain similar findings from the NCVS, although the gaps are smaller.  For instance, blacks 
account for 62% of arrestees in the UCR, but they account for about 56% of offenders in the 
NCVS.  In their study they also estimate the probability of arrest for drug-related offenses based 
on the UCR.  Since the implementation of the “war on drugs” in the mid of 1980s, blacks are 
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approximately five times more likely to be arrested for drug offenses compared to their white 
counterparts.   
Similar to Sampson and his colleague’s study, other researchers have also found that 
black-white gaps are more profound in violent crime, but not in property crime.  Harris and Shaw 
(2000) used 1992 UCR and NCVS data to study racial gaps in different types of offense.  They 
reported that black arrest rates are 8.8 times, 9 times, 4.4 times, and 3.9 times higher than whites 
for homicide, robbery, rape, and assault, respectively.  The racial gaps in property crime are not 
as profound as those observed in violent crime.  Black arrest rates for property crimes are 
between 2.2 and 4.4 times higher than those for whites.   Data from the NCVS seem to 
substantiate the UCR data in the sense that blacks are overrepresented in violent offenses.  The 
overall white-black offense ratio is about 5:1 based on estimates from the NCVS whereas that 
number is about 6:1 in the UCR.   
Most of the aforementioned researchers examined racial gaps in crime between blacks 
and whites by focusing on their arrest ratios in Part I
5
 index crimes.  However, one researcher 
points out that it might be problematic to use such method to study disparities in crime since 
racial offending patterns might be different if a different comparison method is used.  Free (2003) 
also used data from the 2000 UCR to study racial disparities in offending.  Different from many 
previous studies, he examined the pattern of offending for blacks and whites among the ten most 
and ten least common offenses, which include both Part I and Part II
6
 crimes, based on the 
absolute number of arrests.  He found that among the ten most/least common offenses, both 
blacks and whites are most/least likely to be arrested for the same types of offenses (9 out of 10 
                                                 
5
It includes homicide, rape, robbery, aggravated assault, simple assault, burglary, larceny theft, motor vehicle theft, 
and arson.  
6
 It includes more than 20 offenses such as other assaults, forgery and counterfeiting, fraud, vandalism, sex offenses, 
drug abuse violations, and so on.   
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matched for most common and 8 out of 10 matched for least common).  Blacks are most likely to 
be arrested for drug abuse violations, followed by other assaults, larceny-theft, and disorderly 
conduct.  They are least likely to be arrested for murder and rape.  Free (2003) argues that most 
previous studies on racial disparity largely limit their study scopes to Part I offenses, yet these 
types of offense only account for 16.4% of total arrests in 2000.  If both Part I and Part II crimes 
are included, racial offending patterns might be totally different from what we previously 
thought.  He believes that depending on which type of offense researchers explore, blacks might 
not have a totally differential offending pattern than whites.   
Studies that use official statistical generally show that blacks are more likely to be 
arrested than whites.  However, many scholars question the validity and reliability of UCR data 
on nonviolent offenses, especially on drug crime.  These scholars attribute the high arrest rate for 
black drug offenders to police bias and biased drug laws (Banks 2003; Beckett, Nyrop, and 
Pfingst 2006; Beckett, Nyrop, Pfingst, and Bowen 2005; Blalock 1967a; D'Alessio, Stolzenberg, 
and Eitle 2002; Liska 1992; Liska and Chamlin 1984; Smith, Visher, and Davidson 1984) .  For 
instance, Becket, Nyrop, and Pfingst (2006) summarized black and white drug offending and 
speculated why blacks are more likely to be arrested than whites for drug offenses.  They argue 
that blacks are more likely to be arrested than whites for drug offense because of several 
organizational practices, such as law enforcement prioritizing patrolling in disadvantaged 
neighborhoods and focusing on crack offenders.  In their study, they drew from several data 
sources such as the Seattle Needle Exchange Survey and found that blacks are actually less likely 
to use drugs than whites, yet they are much more likely to be arrested for drug offenses.   They 
believe that the black-white gaps in drug offense are largely due to police bias.   
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So far, all the studies of racial gaps that have been reviewed exclusively focus on black 
and white comparisons.  A part of the reason for the black-white focus is that the information on 
other races for most offenses other than homicide is not readily accessible to researchers or it is 
complicated by data collection techniques.  For instance, the UCR and NCVS do not classify 
Latinos as a racial category, and that makes direct comparisons between Latinos and other races 
on the national level more difficult to conduct.  Nevertheless, some studies have been carried out 
to study the racial gaps between Latinos and non-Latinos, but most of these studies focus 
exclusively on homicide rates (Feldmeyer 2010; Feldmeyer and Steffensmeier 2009; Martinez Jr 
2003; Martinez Jr, Stowell, and Cancino 2008; Phillips 2002).  Overall, findings from these 
studies show that Latinos commit fewer violent offenses compared to blacks but more than 
whites.   
Philips (2002) examined gaps in homicide rates among whites, blacks, and Latinos by 
extracting data from the US Census and the National Center for Health Statistics (NCHS) data 
for 1990.  In her study, she found that Latinos’ homicide rates fall between whites and blacks.  
For instance, in 1990, the Latino homicide rate (12.4 per 100,000) is approximately three times 
that of whites (4.3 per 100,000), but only about one third that of blacks (33.7 per 100,000).  
Consistent with Philips’ study, other studies have also found that Latinos have lower homicide 
rates than blacks but not whites.  For instance, Feldmeyer (2010) also found that the Latino 
homicide rate (6.3 per 100,000) is much lower than that of blacks (15.7 per 100,000) by using 
data from California and New York crime reporting programs.  
A few researchers have also tried to examine Latino offending patterns by focusing on 
other types of offenses other than homicide, such as drug and immigration offending.   Lopez 
and Light (2009) studied Latino crime by using data from federal courts, and they provide 
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another perspective on the crime rates and trends for this group.  In their study, they report that 
Latinos account for the largest portion of federal offenders (about 40% of all sentenced federal 
offenders) in 2007.  Latinos are also overrepresented in drug offending and immigration 
offending in federal courts.  For instance, in 1991, about 60% of Latinos were sentenced for drug 
crime and 20% were sentenced for immigration crimes.  By 2007, these numbers became 48% 
and 37% for these two offenses.  Lopez and Light also report that Latinos have a higher level of 
offense than whites but not blacks for drugs and white collar crimes such as fraud.  Latinos 
account for the smallest portion of federal offenders for firearms, other, violent and property 
offense.  However, they account the largest share of immigration offenses.   
Finally, studies that focus on Asian offending patterns using official statistics or other 
national level data are scarce.  Research on Asian crime has not been given enough attention by 
criminologists.  Nevertheless, given all the available data, Asians seem to be underrepresented 
for most types of crime compared to other races based on the UCR statistics, and they tend to 
have a very low level of involvement in the various stages of the criminal justice system (Kan 
and Phillips 2003; Pope and Feyerherm 1995; Vazsonyi and Chen 2010).  For instance, overall, 
regardless of which year the UCR arrest data are collected, Asians generally account for about 
1.2% of total arrestees (the Uniform Crime Report, the Federal Bureau of Investigation 1980-
2009).  Specifically, the proportional representation of Asians for violent and property offenses 
is usually 1.1% and 1.3%, respectively.  Generally, for most types of Part I crimes, the 
proportions of Asian arrestees are around 1%.  However, the proportion of Asian arrestees are 
relatively high for gambling (2.6%), prostitution and commercialized vice (2.5%), and status 
offenses such as being a runaway (5.4%).   Therefore, on the national level, Asians’ level of 
offending seem to be lower than any other race.  However, some sparse data from local official 
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statistics show that Asians have a slightly higher level of offending than whites but a lower level 
than blacks and Latinos (Le, Louie, and Krisberg 2001).  For instance, Le, Louie, and Krisberg 
(2001) used data from the California Department of Justice to study Asian youth offending 
patterns in various types of offenses.  In their study, they found that Asians’ arrest rates are 
slightly higher than those for whites, but much lower than those for blacks and Latinos.   
In summary, official statistics such as the UCR data generally show that whites and 
Asians have much lower level of involvement in different offenses, compared to blacks and 
Latinos.  In addition, the offending patterns seem to be consistent with those observed from the 
NCVS data, yet the magnitude of disparities is much smaller.  It appears that disparity exists 
between different races, especially for more serious violent crimes, regardless of the timeframe 
of the data.   However, racial gaps reflected in official statistics on nonviolent crimes such as 
drug offense are less clear and more questionable. 
2.1.1 Racial Disparities in Self-Report Studies 
 Many studies on racial gaps in offending have also been carried out by using self-report 
data.  However, many of these studies suffer many methodological problems that include small 
and biased samples (such as using data on high school students), issues with model specification, 
and poor statistical models.  Early self-report studies generally failed to report racial disparities 
between different groups (Akers 1964; Erickson and Empey 1963; Hirschi, 1969; Quinney 1970; 
Short and Nye 1957; Taylor et al. 1974; Turk 1969; Williams and Gold 1972).   Some later self-
report studies have overcome some of methodological issues by using large national 
representative samples and employing more advanced statistical models (Elliott 1994; Jang 2002; 
McNulty and Bellair 2003a; McNulty and Bellair 2003c).  These studies generally demonstrate 
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disparities between races, but the sizes of the gaps are much smaller compared to those obtained 
from the UCR and NCVS.   
 For instance, Elliott and his colleagues used data from the National Youth Survey (NYS) 
to study racial gaps between blacks and whites (Elliott and Ageton 1980; Elliott 1994; Huizinga 
and Elliott Delbert 1986).  In these studies, they generally found that the black-white prevalence 
ratio for an index of serious violent offenses is about 2:1.  However, the gap becomes wide if the 
data are broken down by sex.   For instance, controlling for age, the black-white gap is about 3:2 
for males and 3:1 for females.   
 Some researchers have used a different sample and also found some disparities in 
reported violence between different racial groups.  McNulty and Bellair (2003) used a national 
representative sample of 13,460 adolescents from the National Longitudinal Survey of 
Adolescent Health (Add Health) to study racial disparity in violent offending.  In their study, 
they found that in the baseline model, the black-white ratio for reported violent offending is 1.34 
to one and becomes 1.37 to one after adding different control variables such as gender.  In 
addition, based on the statistics in their study, they found that whites also have lower levels of 
offending compared to Latinos but not to Asians.  To be more specific, the ratio of violent 
offending for Latinos to whites is 1.43 to one whereas the ratio for whites and Asians is 1 to .5.   
 Some other self-report studies on Asians also give us some insights about the racial gaps 
in self-report data.  Asians tend to report less offending compared to non-Asians.  For instance, 
Jang (2002) used data from the National Educational Longitudinal Study of 1988 to study 
deviance between Asian and non-Asian groups. He found that Asians report significantly lower 
levels of general deviance than whites, blacks, and Latinos.    
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 Generally, many later self-report studies tend to find that whites and Asians report lower 
levels of violence than blacks and Latinos.  However, a different picture emerges for nonviolent 
offending pattern such as drug offenses.   Some studies done on adolescents show that whites 
report higher level of drug use than blacks, Latinos, and Asians (Bachman and et.al 1991; 
Gottfredson and Koper 1996; Oetting and Beauvais 1990; Wallace 1998; Wallace  and Bachman 
1991).   For instance, Wallace and Bachman (1991) used data from the Monitoring the Future 
Project to study the racial differences in adolescent drug use.  They found whites report more 
drug use than non-whites.  Blacks and Asians actually report the lowest levels of drug use.  
Findings from their data show that 12% of white males reported using cocaine compared to 6% 
of black males, 16% of Latino males, and 6% Asian males (Wallace  and Bachman 1991).  
However, after adjusting for socioeconomic background, only 13% of Latino males reported 
using cocaine.  White females also report more cocaine use than non-white females.   Regarding 
marijuana use, a similar pattern is observed.  The percentage of adolescents who reported using 
marijuana for whites, blacks, Latinos, and Asians are about 4%, 3%, 3.7%, and 2%, respectively 
(Wallace  and Bachman 1991).   
 In summary, different studies use different data sources to study racial disparities in 
offending.  Although each data source has its own limitations and problems, a general 
consistency across certain offenses is revealed.  Overall, regardless of the data source, there is a 
gap (or disparity) in violent offending between whites and other races. Whites have a lower level 
of violent offending than blacks and Latinos.  Latinos have a lower level of offending than 
blacks in most offenses.  In addition, whites tend to have a higher level of offending than Asians 
in some locations at some times but not in other locations.  However, data on property and drug 
offenses are less consistent and less clear.  In addition, the magnitude of the racial gap varies 
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across different types of data sources.  The largest gaps are usually found within the official 
statistics, followed by the victimization data.  The racial gaps observed in self-report data are 
much narrower.   
2.2. Theoretical Frameworks 
Researchers often draw from a variety of criminological theories to explain the causes of 
racial differences in offending.   Some of frequently cited theories include social disorganization 
theory, anomie/strain theory, social learning theory, and social bond theory.  However, different 
theories take different views of the underlying sources of racial gaps in crime/delinquency.  For 
instance, social disorganization theory attributes the racial gaps in offending to the inequality in 
social conditions/structures among places or communities where different racial groups tend to 
live (Bellair 1997; Bursik and Grasmick 1993; Bursik 2000; Morenoff, Sampson, and 
Raudenbush 2001; Rose and Clear 1998; Sampson and Groves 1989; Sampson, Raudenbush, and 
Earls 1997; Sampson and Wilson 2005; Shaw and McKay 1969; Stark 1987; Veysey and 
Messner 1999; Wilson 1987).  Anomie/strain theory focuses on the roles of socioeconomic 
conditions such as family disruption, poverty, and unemployment in shaping differential 
offending behaviors between races (Agnew 1985; 1992; 1999; Cloward and Ohlin 1998; 
Cloward 1959; Cohen 1965; Durkheim 1958; Farnworth and Leiber 1989; Menard 1995; 1938; 
Messner and Rosenfeld 1997; Paternoster and Mazerolle 1994).  Social learning theory takes a 
different approach and highlights the importance of association with delinquent peers (Akers and 
Cochran 1985; Akers 1998; Akers and Sellers 2004; Burgess and Akers 1966; Short Jr 1956; 
Sutherland 1937; Sutherland and Cressey 1966; Tittle, Burke, and Jackson 1986).  Social bond 
theory attributes the causes of disparity to the levels and degrees of social bonds or ties to 
conventional institutions each racial group might have (Britt and Gottfredson 2003; Cernkovich 
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and Giordano 1992; Chriss 2007; Conger 1976; Hirschi 1969; Hirschi 1989; Hirschi and 
Gottfredson 1987; Hirschi and Selvin 1966; Janowitz 1975; Morris, Gerber, and Menard 2011; 
Nye 1958; Reiss 1951; Wiatrowski and Anderson 1987; Wiatrowski, Griswold, and Roberts 
1981).  In this section, the theoretical assumptions and foundations for the four aforementioned 
criminological theories will be described.  Next, the application of these theories to the 
explanations of the racial gaps in crime and delinquency will be discussed.  
2.2.1 Social Disorganization Theory 
Social disorganization theory was developed and advanced by the Chicago School.  It is 
one of the most widely cited criminological theories, and it is often used to explain racial 
differences in offending.  Social disorganization theorists build from a social ecological 
perspective and view the distribution of crimes as consequences of social characteristics of 
geographical locations and spatial variations (Bursik, 1984; Brantingham and Brantingham, 1984; 
Shaw and McKay, 1942; Stark, 1987).  Social disorganization theorists attribute the causes of 
crime to the variations or disparities in the social structures that different individuals or groups 
tend to live in.  These theorists assume that the dynamic interactions between individuals and 
place create different situations or environments, and some settings are more conducive to crime 
(Stark 1987).   For instance, some early social disorganization researchers divided human living 
spaces such as cities into different zones based on the social ecological model in order to study 
the relationship between crime rates and geographic locations (Park and Burgess 1925).  These 
researchers found that the distribution of crimes is shaped by the characteristics of each 
geographic zone.  For instance, crimes are more likely to occur in a transition zone featured by 
deteriorating buildings, an influx of immigrants who are usually economically disadvantaged, 
high levels of mobility among residents, and so on.    
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Building upon the early work of social disorganization theorists, Shaw and McKay (1929, 
1942) refined and advanced social disorganization theory.  They argue that crimes are a function 
of the social characteristics of places or neighborhoods but not individuals.  Crimes are more 
likely to occur in places that are socially disorganized and have the features of high mobility, 
economic deficiency, and heterogeneity.  Crime is thus one of the consequences of inequality 
among the social structure of different communities, and it is independent of the social 
characteristics of individuals.  Shaw and McKay (1942) used Chicago as a natural laboratory to 
gather data and evaluate the empirical validity of their theory.  For instance, they did a couple of 
ethnographic studies in highly delinquent neighborhoods to study the social process of social 
disorganization and the production of delinquency (Shaw and McKay, 1972).  They found that 
high delinquency areas often feature certain characteristics such as a high level of poverty and 
residential mobility.  Residents in these areas also tend to be less homogenous in terms of culture, 
language use, values, and so on. They argue that these places produce social disorganization, a 
condition in which there is not only a lack of social and community ties, but also a cultural 
transmission of delinquent values, norms, or tradition.  Therefore, crime and delinquency are 
responses to a destabilizing, disorganizing, and deleterious social structure or environment.   
Although Shaw and McKay (1942) trace the roots of crime and delinquency to social 
disorganization, they are still somewhat unclear about how crime rates are produced by 
disorganized communities.  Several major developments have occurred over the years in order to 
fill the gaps in social disorganization theory.  For instance, Kornhauser (1978) states that the 
reason that social disorganization leads to crimes is because disorganized communities lack 
informal social control, which is based on social bonds and ties among residents.  Because of 
ineffective informal social control, disorganized communities are unable to achieve common 
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shared goals and solve common problems such as controlling crimes, since residents of these 
places might not share cohesive and consistent values, cultures, or norms due to their diverse 
backgrounds and the high mobility among them (Kornhauser 1978).   Bursik and his colleagues 
have also developed a systemic model of crime and claim that formal social control such as 
private level control, parochial level control, and public control also play important roles in 
shaping crime rates (Bursik 1984; Bursik and Grasmick 1993; Bursik 2000).  Disorganized 
communities not only suffer from inefficient informal social control, but are also unable to 
excise efficient formal social control.  The reason is that residents who live in disorganized 
communities might not have enough socioeconomic resources to control or to intervene in 
criminal activities.   
Sampson and his colleagues suggest that disorganized communities also lack collective 
efficacy, which refers to the level of trust and obligation as well as expectations residents share 
in order to control and intervene in social problems such as crime or delinquency (Sampson and 
Groves 1989; Sampson, Raudenbush, and Earls 1997).  Therefore, crime or delinquency occurs 
because there is a low level of collective efficacy among residents of disorganized communities.  
Because of the social structure of disorganized communities, residents are unable to form strong 
social ties or bonds to achieve the same goal together such as intervening in crime.  Bellair (1997) 
further points out that infrequent interactions or weak ties among neighbors are as important as 
strong social ties in controlling crime rates in the communities.  Therefore, frequent or infrequent 
interactions among neighbors will help to build trust among them and increase collective 
efficacy, which in turn to lowers crime rates.      
Generally, social disorganization theorists postulate that crime rates are higher in 
disorganized communities because there is a lack of informal or formal control as well as 
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collective efficacy in these places that are often a result of economic deprivation, high residential 
mobility, and a high degree of heterogeneity among residents.  Therefore, it is the social structure 
of the community that creates a condition which is conducive to crime.  Applying social 
disorganization, the sources of racial gaps in offending lie in the structural differences in the 
places these groups tend to live in.  Certain races such as blacks or Latinos might have a higher 
level of engagement in certain types of crimes because they are more likely to live in 
disorganized communities than other groups such as whites (Peterson and Krivo 2005; Peterson, 
Krivo, and Harris 2000).  For instance, compared to whites, blacks are more likely to live in 
places such as inner cities with harsh socioeconomic conditions that are marked by economic 
deficiency, high joblessness, and residential mobility (Sampson and Wilson 1995b).  It is worth 
mentioning that the high residential mobility in these inner cities might also be due to some 
residents’ frequent moving in and out of prisons, since going to prison has become a part of 
“normal” life for certain individuals such as young black men (Chiricos and Crawford 1995; 
Pettit and Western 2004; Tonry 1996).  Therefore, individuals who live in these disorganized 
communities are truly disadvantaged, and they are unable to build trust among neighbors and 
form effective social control to solve social problems together.  Some racial groups such as 
whites or Asians might generally experience lower levels of offending compared to blacks or 
Latinos because the former two groups are more likely to live in organized or more advantaged 
communities.   
From a social disorganization approach, crimes are consequences of variations in social 
structures or conditions, and are not due to individual characteristics.  Differences in offending 
among each race can be explained or accounted for by the structural conditions of the 
neighborhoods each group lives in.  If blacks or Latinos live in the same advantaged places as 
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whites or Asians, they might not demonstrate a higher level of offending (Krivo and Peterson 
2000). 
2.2.2 Anomie/Strain Theory 
 Anomie/Strain theorists argue that crime occurs when there is a disjuncture between 
cultural goals and institutional means (Merton 1938).   Crime is a symptom of ill-formed social 
structure where citizens are pressured to commit crime.  The roots of anomie/strain theory can be 
traced back to the work done by Emile Durkheim.  Durkheim’s ([1895] 1964) notions of anomie 
have had a profound influence on the developmental discourse of anomie/strain theory.  
 Durkheim ([1893] 1997) in his analysis of modern society and division of labor shows 
how social order is possible in modern era.  He divides modern societies into two types: 
mechanic society and organic society (Durkheim [1893] 1997).  He believes that in a more 
advanced modern society (i.e., organic society), individuals have to depend on each other to 
survive, since each of them has different skills.  Humans thus can be individualistically oriented, 
yet still be united and associated through the differential functions of the system or the division 
of labor.  Durkheim views solidarity and cohesion as the true nature of humans.  However, 
modern societies are often characterized with conflict, contingency, and complication since each 
individual may have different beliefs and share different values.  Therefore, instability or anomie 
occurs when collective consciousness weakens, the social ties among individuals are broken, or 
the regulation of system is segmented (Durkheim [1895] 1964).  Durkheim’s notions of anomie 
depict a status of lawlessness and normlessness.  If individuals cannot be integrated or associated 
with social instruction or structure, they are at risk of committing crime or becoming deviant.  
Under this perspective, when a society fails to regulate its members’ behavior, anomie happens.    
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Merton (1938) developed his theory by integrating Durkheim’s perspective on modern 
society and crime.  He developed a model of adaptation to explain the causes of crime/deviance 
(Merton 1938).  He argues that crime or deviance occurs when there is a disjunction between 
societal goals and the legitimate means.  For instance, in a modern society, individuals might be 
oriented toward achieving financial success, yet there might not be enough institutional means 
such as good jobs available for them to advance themselves.  Therefore, some individuals 
(labeled innovationists by Merton) might choose to achieve economic success through 
illegitimated means such as crime (Merton 1938).  Different from social disorganization theorists, 
Merton believed there was a universal and conventional cultural goal of monetary success, and 
individuals are compelled to commit crime if their “American dreams” cannot be achieved by 
using institutionalized means.  Merton (1938) concluded that when cohesiveness, consistency, 
and association between the cultural goals and institutional means, which a society can offer to 
its members, is broken or segmented, individuals are pressured to engage in criminal activities.   
Many later theorists have followed Merton’s steps and further developed anomie/strain 
theory.  For instance, Cloward and Ohlin (1960) propose that individuals’ probabilities of 
offending also depend on the availability or abundance of illegitimated means or the 
opportunities to commit crimes.  Not everyone who is culturally motivated toward success but 
lacks access to legitimate means will commit crime or become deviant, since he or she simply 
might not have the right opportunities to offend.  Therefore, the causes of crime are also 
dependent on the relative opportunity structure of society.   
Agnew (1985, 1992, 1999) has made some key contributions to the development of 
anomie/strain theory, including the creation of general strain theory that includes a social 
psychological perspectives.  Agnew (1985) argues that individuals engage in crime/deviance 
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because they feel strained, and they are compelled into such activities.  Those individuals often 
develop negative emotions though their interactions with social environments if they face 
adversity or strain that often result in their deviance.  The sources of strain come from a variety 
of sources: 1) individuals’ failures to achieve positively valued goals such as monetary success; 2) 
experience with the removal of positive valued stimuli such as social bonds with significant 
others; and 3) exposure to negatively valued stimuli such as being mistreated or abused by others 
(Agnew 1992).  In other words, Agnew (1992) suggests that strain can also come from the 
presence of individuals’ negative relationships with others or the loss of positive relations with 
others, meaning they are not only the results of economic deprivation, but also other factors such 
as interpersonal relationships.  Agnew (1992) also believes that individuals often have different 
coping strategies with stains or stresses they experience and crime can be used as a tool or 
mechanism to deal with adversity or hardship for some people.  For instance, in some situations, 
individuals might choose to use drugs or alcohol when they lose someone they care for or love.  
Some people might also be compelled to commit crime if they feel economically strained.  
Therefore, crimes are the result of responses to strains or stressors.    
Under the framework of anomie/strain theory, racial gaps in offending might stem from 
the level of stains each group faces.  For instance, blacks might have a higher level of 
involvement in certain types of offenses compared to other groups such as whites, because they 
are compelled into such activities due to experiences with inequality in income or education, 
family disruption, joblessness, discrimination, or segregation (Blau and Blau 1982; Harer and 
Steffensmeier 1992; Shihadeh and Flynn 1996).  By contrast, whites or Asians may not commit 
more crimes compared to other racial groups because they may be more socially and 
economically advantaged and may not face the same degree of strains (Healey 2006; Lee and 
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Rong 1988; Sampson and Wilson 1995a).  Therefore, from an anomie/strain perspective, 
inequality or disparity in socioeconomic conditions can account for the racial differences in 
offending since each group might experience different degrees of strains or pressures in society.   
2.2.3 Social Learning Theory 
 Social learning theory has roots in Sutherland’s differential association theory.  
Sutherland (1947) proposed that crime/deviance is a learned behavior.  Individuals become 
delinquent because they are exposed to behaviors and attitudes that are favorable toward law 
breaking, and they learn to commit deviance through the learning mechanism by associating with 
intimate others such as peers (Sutherland and Cressey 1966).  However, an individual’s 
likelihood of offending is also affected by the intensity, duration, frequency, and priority of 
association with criminals (Sutherland 1947).   Sutherland believes that not everyone will 
become a criminal, because there are variations in the extent to which people learn through 
interacting and communicating with others, especially significant others.  For instance, some 
individuals might not have the opportunity to learn the techniques of committing crime. Their 
exposure to the orientations that are favorable toward violation of law might not outweigh the 
orientations that are favorable toward law abiding.   
 Akers and his colleagues have further integrated and revised Sutherland’s theory.  For 
instance, Burgess and Akers (1966) propose differential association-reinforcement theory.  They 
incorporate the psychological perspective into social learning theory and outline the learning 
process of becoming a deviant.  They believe that differential reinforcement such as punishment 
or reward is also necessary for deviance to occur since such action will reinforce or strengthen 
the learning process of association with others such as delinquent peers or parents.  Akers (1998) 
further refines and theorizes four important elements of social learning: definitions, differential 
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association, differential reinforcements, and imitation.  He argues that criminal behavior is a 
function of both exposure to a favorable definition toward law breaking and the strength and 
intensity of its reinforcement.  After an individual is born, he or she will be exposed to a variety 
of norms, values, and beliefs.  However, if the norms and values this individual learns are 
favorable to conformity and the opportunity to learn specific techniques to commit crime through 
association with someone is not available to him or her, they will not learn to be a criminal.  
Akers (1998) also points out that differential association is not one-dimensional, and it includes 
interactional association with primary groups and secondary groups as well as normative 
association with society such as socialization and internalizing societal norms and values.  
However, the effectiveness and realization of the learning process to become a deviant need to be 
reinforced through anticipation of punishments and rewards (Akers 1998).  In particular, the 
duration and intensity of criminal activity is affected by the degrees of reinforcement.  Akers 
(1998) emphasizes the role of imitation, which he believes is more important at the initiative 
stage of the learning process.  Generally, according to social learning theory, crime/delinquency 
is a learned behavior.  This behavior is learned through imitating and associating with delinquent 
others.  It is also influenced by the excessive exposure to the favorable definitions toward law 
breaking and it is reinforced through anticipation of punishments and rewards (Akers 1998).  
 Based on the assumptions of social learning theory, the racial differences in offending 
might be due to the variations in the learning process each group experiences.  Some groups are 
less likely to offend because they are less likely to be exposed to definitions that are favorable 
toward violation of law and are less likely to associate with delinquent others.  For instance, 
whites are less likely to be exposed to gang activity and violence compared to blacks and Latinos 
(McNulty and Bellair 2003b).  Asians are more likely to associate with conventional friends who 
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place more importance on education and good grades than those from other racial groups (Chang 
and Le 2005; Jang 2002; Kim and Goto 2000).   Therefore, under the framework of social 
learning theory, racial gaps in offending can be explained by the levels of association with 
delinquent others such as peers and degrees of exposure to definitions that are favorable toward 
crime.  
2.2.4 Social Bond Theory 
 Social bond theory is also one of the most frequently cited and widely tested 
criminological theories.  This theory emphasizes the role of individuals’ social bonds to 
conventional institutions in shaping people’s likelihood of committing delinquency.  Some early 
writings such as Hobbes’ ([1651] 1988) philosophy of social contracts and human nature and 
Durkheim’s ([1893]1997) notions of collective consciousness have implicit influences on the 
development of social bond theory.  Before Hirschi theorized social bond theory in 1969, some 
other earlier criminologists such as Nye and Reckless also made significant contributions to the 
development of this theory.   
For instance, Nye (1958) argues that individuals’ relationship and attachment to parents 
and other significant others have indirect or direct control over their own behaviors.  Reckless 
(1961) also argues that some individuals do not commit crime because they are restrained from 
doing so.  These individuals are usually deterred by the family relations and the supporting 
structure of the larger society.  Both these theorists believed that an individual’s behavior is 
controlled by the levels of attachment or bond with the conventional social institution. 
 Hirschi’s (1969) social bond theory differs greatly from macro-level theories such as 
social disorganization theory and micro-level theories such as social learning theory.  Unlike 
social disorganization theory, which emphasizes structural differences, social bond theory 
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attributes the sources of crime or delinquency to the individual.  Different from social learning 
theory, which assumes humans need to learn to become criminals, social bond theory assumes 
that everyone has the potential to commit crime, but some people do not do so because they are 
restrained or controlled (Hirschi 1969).  Social bond theory also assumes that there are universal 
or dominant societal values and norms that guide human behavior.  Therefore, the mechanism of 
crime is invariant to all individuals.  Individuals commit crime because they have weak or loose 
bonds with society (Hirschi 1969).  
 According to Hirschi (1969), deviance is the result of the weak bonds an individual has 
with conventional institutions such as family and school.  People who are strongly attached to 
others are prevented from committing crime because of the levels of social control they receive 
from those institutions.  The more bonds or the stronger bond an individual has, the less likely he 
or she is to engage in delinquency.  Hirschi (1969) specifies four elements of social bonds: 
attachment, commitment, involvement, and beliefs.  Attachment refers to the emotional bonds or 
connections between youths and their parents, teachers, friends, and so on.  By attaching to 
significant others or other social institutions such as schools, individuals will learn conventional 
norms and values through the process of socialization.  Because of their attachment, parents or 
teachers are able to exert social control over youths.  For instance, Hirschi (1969) argues that 
individuals are free to engage in delinquency, however, their actions can be restricted if their 
parents can monitor them closely and respond to their misbehaviors promptly.  He believes that 
the effectiveness of parenting is directly related to children’s outcomes (Hirschi 1983).   
Commitment is related to the levels of conformity to law abiding.  Hirschi (1969) 
believes that individuals are capable of rationalizing their own behavior, and if they see that the 
cost of committing a crime outweighs the rewards of such behavior, they might not take such a 
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risk.  If a person is very committed to conventional norms and activities, he or she will not 
choose to commit crime.   
Involvement refers to how much time is spent on conventional activities such as doing 
school work.  If individuals are very involved in conventional events they might not have time to 
commit crime.   
Finally, beliefs can be understood as an individual’s belief in whether or not they should 
obey the rules and norms of society.  An individuals’ likelihood of committing a crime will be 
decreased if they have a strong belief in conventional norms and rules.   
 Applying social bond theory, racial gaps or disparities in crime can be accounted for by 
the levels of social bonds each race has with the conventional institutions.  Some racial groups 
may have lower levels of engagement in offending because they may have more social bonds or 
live in more advantaged family structures.   For instance, many studies show that Asians have a 
lower level of delinquency because they are more attached to conventional institutions such as 
schools and are more involved in school work than other racial groups (Jang 2002; Le, Monfared, 
and Stockdale 2005b; McNulty and Bellair 2003a).  Whites (and possibly Latinos) have a lower 
level of offending than blacks because they are more likely to come from two-parent families 
(Wilson 1987; Massey and Denton 1993; Jang 2002; Sanders 2010).  The reason that family 
structure affects crime or delinquency is because it affects quality of life in terms of affection, 
conflict, and child maltreatment.  Family structure also affects parenting styles and parents’ 
abilities to socialize/supervise children and to intervene in children’s misbehaviors (Blechman 
1982; Lee and George 1999; Reed et al. 2010; Wilson 1980).   Generally, under the framework 
of social bond theory, racial gaps in offending are the result of differential family structure, 
family conditions, and the degrees of social bonds each group is embedded in.   
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 Numerous empirical studies have been conducted to study racial disparities in crime.  
However, most studies primarily focus on violent offenses.  Many of these studies attribute the 
sources of racial gaps to the differences in social structures and thus focus on contextual level 
predictors such as concentration of disadvantage and residential mobility.  These studies usually 
seek explanations from social disorganization and anomie/strain theory (Blau and Blau 1982; 
Harer and Steffensmeier 1992; Krivo and Peterson 2000; Lafree, Baumer, and O'Brien 2008; 
Land, McCall, and Cohen 1990; Lee, Martinez Jr, and Rosenfeld 2001; Messner and Golden 
1992; Phillips 2002; Shihadeh and Shrum 2004b).   
 Drawing from social disorganization and anomie/strain theory, many researchers believe 
that the racial gaps in crime are the result of the differences in social structures or conditions 
different races face.  Although social disorganization theory and anomie/strain theory take 
different perspectives on racial disparities in crime, both of these theories focus on some 
common contextual level factors such as economic deprivation.  Empirically, researchers 
generally focus on the roles of predictors such as poverty levels, concentration of disadvantage, 
joblessness, and residential mobility in shaping the racial gaps in crime, especially with a 
specific focus on violence such as homicide rates (see for example, Blau and Blau 1982; 
Feldmeyer 2010; Sampson 1987; Peterson and Krivo 1999).   Unfortunately, not many 
contextual level studies examine racial gaps in property and drug offenses.  In addition, most of 
the previously conducted studies exclusively focus on black and white comparisons.  Only in 
recent years has research on Latino crime begun to emerge.  Unfortunately, contextual level 
studies on Asian remain scarce.  One possible reason is that Asians have a relatively small 
                                                 
7
 Studies that are reviewed in this section generally use aggregate data and often use census tracts, blocks, cities, and 
other metropolitan areas as the unit of analysis.   
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population size compared to other races and this situation makes comparisons between them and 
other groups more difficult, since there might not be enough Asians in some neighborhoods or 
places to make reliable estimates.   
Using social disorganization theory and anomie/strain theory, many early studies found 
that economic inequality and poverty levels of neighborhoods are significant predictors of 
violent crime (Blau and Blau 1982; Blau and Golden 1986; Loftin and Parker 1985; Messner 
1983).  For instance, Blau and Blau (1982) analyzed 1970 census data for 125 of the largest 
metropolitan areas and found that interracial economic inequality, which is measured as the Gini 
coefficient for family income, is positively related to violent crime rates in metropolitan areas.  
Wilson (1987) also found that poverty levels, joblessness, and family disruption are also 
significant predictors of violence.  He argues that blacks and whites tend to live in different 
communities and thus they experience different levels of disadvantage in terms of these factors.  
He believes that blacks are “truly disadvantaged,” since they are more likely to live in inner 
cities that are marked by economic hardship.  Therefore, the differences in crime rates between 
whites and blacks might be the result of the inequality in the social structures/conditions where 
different racial groups live.   
Findings from early contextual level studies of race and crime showed the importance of 
contextual effects such as economic inequality in shaping violence.  However, these studies did 
not disaggregate crime data by race, so they failed to provide explanations for what sources 
account for the gaps in crime between different racial groups.  Later studies overcame this 
limitation by using race-specific data and providing a more complete understanding of the 
underlying causes of racial gaps in offending.   Sampson (1987) examined the relationship 
between structural conditions such as male joblessness and family disruption on urban black 
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violence by using 1980 census data for 150 cities.  In his study, he found that the socioeconomic 
status of black men, such as unemployment rates, increased the chance of a household being 
female-headed  in black communities; this, in turn, increased the black violent crime rates in 
these areas (Sampson 1987).   In another study, Sampson and Wilson (1995) provided more 
refined explanations for black-white gaps in crime and highlighted the role of 
neighborhood/community structures in shaping crime rates for each group.  They found that the 
characteristics of places lead to high rates of criminality among blacks.  The reason is that blacks 
are more likely to live in disadvantaged and disorganized neighborhoods that are featured by 
family disruption, residential segregation, higher levels of poverty, and residential mobility.  
Therefore, these social conditions make formal and informal control more difficult in these 
neighborhoods and thus increase the crime rates in these areas.   
Findings from these above studies generally show that, compared to whites, blacks have a 
higher level of violent offending because they are more socially and economically disadvantaged 
and tend to live in more disadvantaged and disorganized neighborhoods.  Some later studies 
confirm these observations by showing that residential segregation or isolation is a significant 
predictor of black-white gaps in crime.  For instance, Peterson and Krivo (2000), in their study, 
used 1990 homicide and census data to estimate the effect of structural conditions on black-white 
gaps in the most serious violent offending.  Different from many previous studies, they refined 
the measures for structural conditions by including the deprivation index
8
, social isolation, and 
residential segregation.  In their study, they found residential segregation to be a significant 
predictor of black-whites gaps in violence.  They also found that the relationship between 
structural disadvantage and crime is not linear, and this relationship varies across places with 
distinct social characteristics.  They concluded that the causes of racial disparity lie in the 
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 This measure is an index based on poverty, female-headed families, and male joblessness. 
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differences in structural conditions and the effect of structural conditions  on crimes differs only 
in relation to the level of disadvantage but not to race/ethnicity (Krivo and Peterson 2000).   
They also that if blacks and whites live in neighborhoods with similar social characteristics, their 
crime rates would be far more comparable.   
Contextual level studies of race and crime generally show how contextual effects such as 
income inequality, unemployment, education, and so on lead to higher crime rates in some 
neighborhoods, but these studies tend to lump together these different predictors of racial gaps in 
crime.  Some researchers argue that it is important to distinguish different types of contextual 
effects since they might have different impacts on black-white gaps in crime.  For example, 
Velez, Krivo, and Peterson (2003) examined the relationship between structural inequality and 
black-white gaps in homicide in 126 US cities by using 1990 homicide and census data.  
Different from many other studies, they made a distinction between the disadvantage index, 
which combines poverty, female-head families, and male joblessness, and the resources index, 
which includes gaps in income, percent college graduates, and percent professionals.  Velez and 
his colleagues found that the resource index, but not the disadvantage index, had a significant 
effect on the white-black gaps (Velez, Krivo, and Peterson, 2003).  They thus suggest that future 
researchers should use more refined measures for studying structural conditions.  They argued 
that it is important to examine which aspect of disadvantage, either the economic part or the 
resource part, accounts for crime gaps since these are conceptually different terms.  
Many prior studies have found that structural level factors such as inequality explain 
away the differences between blacks and whites.  However, some researchers point out that the 
direction and magnitude of these factors might be variable for different groups.  For instance, 
some researchers have found that some variables such as income inequality matter more for 
40 
 
whites but not for blacks (Harer and Steffensmeier 1992; Ousey 1999; Velez, Krivo, and 
Peterson 2003).  For instance, Ousey (1999) in his study of the relationship between structural 
factors and homicide found that the effects of poverty, income inequality, and unemployment 
rates on homicides are much stronger for whites, but not for blacks.  Findings from these studies 
suggest that some contextual level variables might not have the expected effects on crimes for 
some racial groups such as blacks.  Therefore, researchers focusing on race and crime need to 
take into consideration these observations in order to gain a more complete understanding of how 
contextual covariates account for the racial gaps in crime.     
 Most of the aforementioned studies on racial gaps in violence merely focus on black-
white comparisons.  Although these studies have made significant contributions to the field by 
assessing the mechanism by which structural conditions account for racial gaps in crime, they 
fail to examine other races such as Latinos and Asians.  It is highly likely that underlying sources 
of gaps in crimes differ for each race.  One exception, is work by Philips (2002) who included 
Latinos in her study.  She used regression decomposition to examine gaps in homicide rates 
among whites, blacks, and Latinos in US metropolitan areas in 1990.  Results of her analysis 
show that a substantial proportion of the black-white homicide gaps can be explained by the 
differences in structural characteristics in black and white populations.  For instance, 47% of the 
white-black disparity in homicide is attributable to structural differences such as family structure 
and socioeconomic characteristics (Philips, 2002).  However, for white-Latino homicide gaps, 
the strongest predictor is the percentage foreign-born.  She found that the homicide rate in a 
place where the majority of the population is white is expected to increase by 52 percent if this 
place has the same proportion foreign-born population as a place that is predominantly Latino.  
The percentage of families living in poverty and the percentage with a college education also 
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accounted for 29.9% and 22.9% of the white-Latino gaps, respectively.  Philips argues that if 
blacks and Latinos experience the same level of advantages as whites, their gaps in violence will 
be reduced.  Findings from her study show that different structural variables explain different 
portions of the black-white gaps and Latino-white gaps.  Thus, the sources of racial disparities in 
violence among are different depending on the race dyad being studied.   Therefore, it is 
necessary to include other races in studies in order to fully understand the sources of racial 
disparities in crime.   
Similar findings are obtained by another researcher who uses a different data source.  
Feldmeyer (2010) used 2000 arrest data from California and New York to examine the effect of 
racial segregation on black and Latino homicide using seemingly unrelated regression.  
Consistent with many previous studies, he found that segregation is a significant predictor for 
Latino and black homicide rates.   By living in more segregated communities, blacks and Latinos 
have limited access to socioeconomic resources, which in turn increases their levels of poverty 
and unemployment rates compared to whites.  Findings from Feldmeyer’s study also support 
some of the assumptions of social disorganization theory and anomie/stain theory.  Latinos’ and 
blacks’ higher homicide rates are possibly due to the differences in the structural conditions of 
the places where they live.     
Contextual level studies of racial disparities in crime that include Asians are rare.  Lee 
and Martinez (2006) conducted a study on Asian homicide patterns in urban and suburban San 
Diego.  They found that Asians generally have lower homicide rates than blacks and Latinos at 
the community level.  However, their study is based on descriptive statistics of the patterns of 
homicide rates in these areas, and they were unable to use inferential statistics to examine the 
relationship between structural conditions and gaps between Asians and non-Asians in homicide 
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rates due to small Asian populations in some neighborhoods.   Therefore, it is very unclear what 
structural conditions, if any, account for the racial disparities between Asians and other races.  
However, some studies show that Asians tend to share similar structural advantages to whites 
(Lee and Rong 1988; Min 2006; Schmid and Nobbe 1965).  For instance, Schmid and Nobbe 
(1965) used census data to compare socioeconomic status among different racial groups.  They 
found that Asians, especially Chinese and Japanese, have similar income and educational level as 
whites.  Min (2006) also analyzed the settlement patterns of Asians.  She found that many Asians, 
especially those who are professionals or entrepreneurs, are more likely to live in white 
neighborhoods in suburban areas or tend to settle in suburban areas that are similar to white 
suburbs. Asians also tend to reside in large cities with more economic opportunities.   All the 
available evidence seems to suggest that whites and Asians have lower levels of violent offenses 
than blacks and Latinos; this may be because both Asians and whites are more structurally 
advantaged. 
So far, all the studies reviewed primarily focus on violent offenses.  Contextual level 
studies of racial disparities in property and drug crimes are not well developed.  Some studies 
have found that neighborhood disadvantage such as poverty level and unemployment rate 
increase property and drug crime rates, but these studies typically do not focus on addressing 
racial disparities in these offenses (Allen 1996; Armstrong and Costello 2002; Boardman, Finch, 
Ellison, Williams, and Jackson 2001; Hoffmann 2002; Neapolitan 1994; Sjoquist 1973; Stack 
1984; Williams and Latkin 2007).    
Certainly the relationship between disadvantages such as unemployment rate, inequality, 
and poverty and property offenses is mixed.  Some researchers have found that these 
socioeconomic indicators are associated with property crime (Neapolitan 1994; Sjoquist 1973; 
43 
 
Stack 1984) whereas other researchers have found these variables do not have the expected effect 
on property offending once other variables such as inflation and marital status are controlled 
(Allan and Steffensmeier 1989; Allen 1996).  For instance, Allen (1996) used ARIMA time 
series models to study the relationship between UCR property crime rates and socioeconomic 
conditions between 1959 and 1992.  In his study, he found that unemployment has a significantly 
positive effect on robbery and burglary, but a negative effect on vehicle theft.  In addition, in 
contrast with most previous studies, results of his statistical model show that after marital status 
and inflation are controlled, absolute poverty is significantly negatively related to burglary and 
vehicle theft.  Unfortunately, there are not many studies that examine the underlying sources of 
racial disparity in property crime at the contextual level.  Therefore, meaningful conclusions 
cannot be drawn on this topic in this regard.   
Contextual level research on racial gaps in drug offending is also underdeveloped.   
Existing research generally shows that neighborhood disadvantage increases drug use among 
individuals (Boardman et al. 2001; Crum, Lillie-Blanton, and Anthony 1996; Duncan, Duncan, 
and Strycker 2002).  For instance, Boardman and his colleagues linked 1990 tract-level data and 
the 1995 Detroit area survey to study the effect of neighborhood disadvantage on drug use 
among adults.  In their study, they found that neighborhood disadvantage
9
 is significantly 
positively associated with adult drug use even after controlling for family socioeconomic 
resource such as family support, family income, education, and marital status.   However, the 
underlying sources for racial disparities in drug offense are largely unexamined.   
Taken together, contextual level studies on racial disparities generally focus on violent 
offense.  Findings from these studies show that neighborhood disadvantage and residential 
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segregation account for the racial disparities in violence between races.  However, the causes of 
disparities in property and drug offending are largely unexamined.   
2.4. Individual Level Studies of Racial Disparities in Offending- The Significance of Social 
Bonds and Peer Delinquency
10
 
 Some researchers also focus on individual level explanations for racial disparities in 
crime.  Their studies tend to focus on sources that contribute to the differences in probability of 
offending for individuals rather than crime rates in specific places, which is the focus of 
contextual level studies.  Additionally, different from contextual level studies of race and crime, 
these researchers generally draw explanations from social bond theory and social learning theory.   
Based on the assumptions from these theories, racial gaps in crime such as violent offending are 
the result of differences in family or individual level factors such as attachment to family and 
school, family structure, association with delinquent peers, and attitudes or beliefs toward norms 
and laws (Bui 2008; Hirschi 1983; Jang 2002; Jang 1999b; Jenkins 1997; Le and Kato 2006; Le 
and Stockdale 2005; McNulty and Bellair 2003a; McNulty and Bellair 2003c; Sampson, 
Morenoff, and Raudenbush 2005).   Most of these studies use self-report data in order to create 
measures for relevant theoretical indicators.  Findings from these studies show that whites and 
Asians have lower levels of violence than blacks and Latinos because they have more advantages 
in family or individual level conditions such as social bonds, family structure, association with 
peers, and so on.  Unfortunately, not many studies examine the relationship between family level 
predictors and property crime.  Studies that assess racial disparities in drug offending at the 
individual level are also underdeveloped.  
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 In this section, only studies that use individual level self-report data are reviewed.  However, some of the early 
studies (before1990) that use self-report data are not reviewed here since many of them suffer major methodological 
problems.   Therefore, this section focuses on only later self-report studies that usually use nationally representative 
samples.  Please also note that some of studies reviewed here use multilevel analysis when accounting for both 
contextual level and individual level covariates, but they still use self-report data on crime and thus are reviewed in 
this section.  
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 Empirically, some studies examine the relationship between family structure, SES, and 
crime (Wilson and Herrnstein 1985; Loeber and Stouthamer-Loeber 1986; Voorhis et al. 1988).   
Family structure affects crime or delinquency in numerous ways.  For instance, it affects the 
quality of family life in terms of affection, conflict, child maltreatment, home quality, and so on 
(Blechman 1982; Wilinson 1980; Lee and George 1999;  Reed et al. 2010).  It also affects 
parenting styles and practices and parents’ abilities to successfully socialize their children and to 
effectively intervene in their children’s misconducts (Griffin, et al. 2000; Farrell and White 
1998).  Children, who live in single-parent families such as female-headed houses face many 
disadvantages such as financial hardship and lack of role models.  Child-rearing is often more 
difficult in these single-parent families since parenting practices are often ineffective in terms of 
socializing children successfully because of family disruption.  It is well documented that blacks 
are more likely to live in single-parent homes compared to whites and Asians (Wilson 1987; 
Massey and Denton 1993; Sanders 2010).  These scholars point out that white or Asian children 
may have lower levels of offending rates because they have more family advantages.  Therefore, 
the racial gaps in violence are possibly the result of the differential family structure and family 
conditions in which each group is embedded. 
The relationships between crime/delinquency and family bonds as well as 
crime/delinquency and association with delinquent peers are also examined by many researchers.   
For example, many studies use social bond theory or social learning theory to explain the racial 
disparities between different races, especially between Asians and non-Asians, since Asians 
tends to have unique advantages with social bonds because of their collectivistic oriented culture 
(Bankston 1998; Bui 2008; Haynie and Osgood 2004; Kim and Goto 2000; Le, Monfared, and 
Stockdale 2005a; McNulty and Bellair 2003b; Wong 1998; Wong 1999).   Findings from these 
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studies indicate that compared to blacks and Latinos, Asians and whites have more bonds and 
attachments to family, school, and so on, which in turn deters them from engaging in crimes such 
as violence.  Some races such as Asians also tend to be less likely to associate with delinquent 
peers and be exposed to delinquent subculture.  For instance, Jang (2002) in his study of Asian 
delinquency identified the explanatory variables that account for the gaps in delinquency, which 
combined serious violent offense and other non-serious delinquency, between Asians and Non-
Asians.  In his study, he found that Asians generally report lower levels of deviance than other 
groups.  The differences between whites and Asians are explained away by school processes 
such as attachment to school, school grades, and commitment to education.  Family background 
such as family SES, number of children, martial harmony, and family structure also account for a 
large portion of black-Asian and Latino-Asian gaps in deviance.  In addition, Asians are found to 
be more likely to associate with conventional peers who are more committed to education and 
school achievement than other races and this advantage also explains some of the differences in 
deviance between Asians and non-Asians.  Findings from Jang’s study show that Asians may 
report lower levels of offending than whites, blacks, and Latinos because they have more 
advantages in family and school backgrounds. 
 Many individual level studies of race and violence have limited their scopes to certain 
racial group comparisons such as black-white or Asian-non-Asian and failed to include other 
racial groups such as Latinos into study.  One exception is a study done by McNulty and Bellair 
(2003) who examined the racial gaps among whites, blacks, Asians, Latinos, and Native 
Americans.  In their study, they employed a contextual model to examine racial disparities in 
serious violence by using data from two waves of Add Health.  They not only took into 
consideration individual level variables such as family bonds and involvement in gangs, but also 
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contextual level variables such as concentration of disadvantage.  They found that the differences 
between whites and blacks in violence are explained away by concentrated disadvantage, which 
is a factor score based on the combination of percentage unemployment, people living under the 
poverty threshold, female-headed households, and residential mobility (McNulty and Bellair 
2003b).   The gaps between whites and Latinos are fully accounted for by involvement in gangs 
when controlling for all other covariates.  In other words, whites report less violent offending 
than Latinos because they are less likely to be involved in gang activities.  However, in their 
study, they did not find any significant difference in reported violence between whites and 
Asians.  Another unique contribution made by McNulty and his colleague is that they also 
examined the gaps in violence among minorities.  They found that community contexts such as 
the level of disadvantage, family structure and SES, social bonds, and gang membership/violence 
account for the difference between Asians’ and blacks’ involvement in serious violent crime 
(McNulty and Bellair 2003b).  Gang membership and violence exposure account for some of the 
difference between Asians and Latinos, but it is the community context and family structure that 
explain away the difference between Asians and Latinos when controlling for all other variables 
in the model.   
Several studies have also been carried out to study the relationship between individual 
level variables and drug use.  Generally, these studies show that socioeconomic status, family 
structure, and exposure to substance-using peers have significant impacts on adolescent drug use 
(Amey and Albrecht 1998; Amey, Albrecht, and Miller 1996; Bachman and et.al 1991; Eitle 
2005; Hoffmann 2002; Wallace  and Bachman 1991).  For instance, Eitle (2005) used data from 
the Florida Youth Substance Abuse Survey to study the relationship between peer substance use, 
family structure, parental control, and marijuana and other illicit drug use, including Ecstasy, 
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LSD, cocaine, and so on.  In his study, he found that blacks report significantly less marijuana 
and other illicit drug use than whites even after all other variables such as family structure, 
parental supervision, peer substance use, and so on are held constant.  Latinos also report 
significantly less marijuana use than whites, but not other illicit drug use.  In addition, as 
expected, parental control and attachment have a negative relationship on adolescent drug use 
whereas peer substance use is positively related to drug use.  Adolescents from single parent 
families report more marijuana use than those from two-parent families.  Similar findings are 
obtained from Amey and Albrecht (1998), who used a national household survey to study the 
relationship between family structure, socioeconomic status, and drug use among white, black, 
and Latino adolescents.  In their study, they found that socioeconomic status such as family 
income and demographic characteristics explain away the difference between whites and Latinos 
on drug use.  However, the differences between blacks and whites on drug use still persist even 
after all other variables are controlled.   
Many individual level studies that use self-report data to understand racial disparities 
generally find that family background, family structure, social bonds, and peer delinquency 
account for the difference in violence between each race.  Little research has been conducted on 
property crime.  As for drug offenses, whites actually report a higher level of drug use than other 
groups.  However, the sources for such disparities between whites and other races such as blacks 
are very unclear.  Nevertheless, findings from previous studies show that the underlying sources 
for racial gaps between each race might be totally different for each type of offense.  Therefore, 





 In the United States, each racial group has a distinct offending pattern for different 
offenses.  Data from official statistics and victimization data generally show that whites have a 
lower level of offending than blacks and Latinos.  Asians also have very low offending rates.  
However, some researchers question the validity and reliability of racial gaps reflected in these 
data on nonviolent offending (Chambliss 2007; Liska 1992; Liska and Chamlin 1984).  Self-
report data generally show some racial disparities in violence between whites and non-whites 
and Asians and non-Asians.  However, whites are found to report a higher level of drug use than 
Latinos, blacks, and Asians.  Blacks also report less drug use than Latinos.   
 Researchers often draw from social disorganization, anomie/strain, social bond, and 
social learning theory to explain the racial gaps in crime.  Many studies show that contextual 
level predictors such as concentrated disadvantage and segregation can account for the difference 
in violence between white-black and white-Latino comparisons.  However, it is unclear which 
factors account for the differences between each race for property and drug offense.  In addition, 
contextual level studies on Asians are scarce, and much is unknown about the sources of 
offending for this group.  Moreover, abundant individual level studies have also found family 
structure and SES, social bonds, association with delinquent peers explain the gaps between 
white-black and white-Latino comparisons of violence.  Asians also seem to have unique 
advantages with regards to school bonds and association with conventional peers which explain 
the differences between them and other races in terms of violence.  A different picture is 
revealed about the racial gaps in other offenses, particularly in drug offense, by the individual 
level studies.  Whites report more drug offending than other races but much is unknown about 
the sources for such disparities.   
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Racial disparity in crime is a very important topic that has caught researchers’ attention 
for many years.  However, there are many limitations to previous research that need to be 
addressed.   First, many studies that address the reasons for the racial disparity in crime only 
focus on black-white comparisons and fail to include other racial groups such as Latinos and 
Asians.  Second, many researchers only focus on one type of offense, such as homicide, and few 
studies examine theoretical explanations for racial disparities in property crime and drug crime.  
Third,  most studies of racial disparity only focus on one level of measurement, either 
contextual/aggregate level explanations of racial disparity in crime or on individual level 
explanations of crime.  Not many studies have been carried out using multilevel/ hierarchical 
modeling.   Without using multilevel models, it is unclear if the effects of individual level 
variables vary across different contexts and how contextual/ aggregate level variables may shape 
individual level variables.  Therefore, my dissertation will contribute to the criminological 
literature by studying racial disparities in crime among non-Latino whites, blacks, Asians, and 
Latinos.  I will also look at three types of offenses and use multilevel/hierarchical level analysis 








CHAPTER III: METHODS AND ANALYTICAL PROCEDURES 
3.1 Data and Sample 
 The data for my study are drawn from the restricted-use portion of the National 
Longitudinal Survey of Adolescent Health Study (Add Health, Carolina Population Center, 
1994-2009).  Add Health is a longitudinal study of a national representative sample of 
adolescents in the United States.  The Add Health study uses a multi-stage sampling strategy for 
data collection.  Data for Add Health were collected in four different waves (wave I-wave IV),, 
with the most recent wave (wave IV) completed in 2008.  Specifically, wave I data collection 
was initiated between 1994 and 1995 when participants were in grades 7-12.  Those participants 
were selected from a representative sample of 80 high schools and 52 middle schools from the 
United States, stratified by region, state, school size, school type, and ethnic composition.  
Students from those schools were asked to fill out an in-school questionnaire first and then they 
were asked to participant in a more detailed in-home interview.  The first wave of the Add 
Health study includes a main or core probability sample consisting of 12,105 eligible adolescents.  
Add Health also oversampled some special populations such as racial/ethnic minorities 
(including blacks, Asians, and Latinos), people with disabilities, and genetic twins.  The total 
sample size for the wave I in-home interview data is thus 20,745.  Wave II data were collected 
during a 1996 in-home interview in which about 71.0% of the original respondents (about 14,738 
adolescents) participated.  Wave III was conducted between 2001 and 2002 and Wave IV 
between 2008 and2009.  In each of these two waves, about 80.3% of the originally eligible 
sample members (about 15,197 for wave III and 15,701 for Wave IV) participated in the study.    
 The Add Health study has collected information on respondents’ social, economic, 
psychological, and physical well-being. During the in-home interviews, participants were asked 
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questions regarding many topics such as general health or risk behaviors, relationships with 
families and friends, perceptions about schools or neighborhoods, religion, engagement in 
delinquency or involvement in the criminal justice system, use of tobacco, alcohol, drugs, and so 
on.  The Add health study is also designed to explore the contextual effects of family, 
neighborhood, community, and interpersonal relationships on the outcomes of respondents.  
Contextual/aggregate information about where respondents lived at the time of interview was 
also collected.  This included measures such as poverty level, percentage of foreign born, 
unemployment rate, and percentage minority population, gathered at four different levels: state, 
county, census tract, and block group.  Much of the contextual information was obtained from 
one of 19 sources such as Census of Population and Housing, 1990: STF 3A files, Center for 
Disease Control SD file, Department of Labor ETA form files, and the National Council of 
Juvenile and Family Court Judges’ Green Book.  Based on the total sample size of Wave I data, 
Add Health respondents’ residences were identified in 37 states, 267 counties, 2449 census tracts, 
and 4411 different block groups.  Add Health thus provides very rich information for researchers 
to study the influence of social environment on individuals’ behavior.   
Add Health data are especially suitable for the purposes of my study.  First, unlike many 
other data sources on self-reported crime, they enable researchers to not only explore minor 
delinquency, but also more serious offending such as violent, property, and drug crimes.  Add 
Health data cover a wide range of delinquent and criminal acts, which provides researchers 
opportunities to examine the content validity of the latent constructs of crime or delinquency, 
and to explore different methods to scale those constructs.  Second, the Add Health study 
includes a fairly large sample of racio-ethnic minorities such as Asians and Latinos, which 
enables researchers to adequately study and compare different behaviors across race/ethnicity.  
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Given the sample size, I am able to explore the racial disparity that is beyond the traditional 
black-white comparisons for different types of crimes or delinquency.  Third, the Add Health 
study combines or links data between individual levels and contextual levels, whereas such 
information is often not available in other comparable data sources.  Therefore, I am able to use 
multilevel modeling to explore the predictive power of both individual level factors and 
contextual level variables on the probability of offending based on race/ethnicity.   
The sample for my study is derived from the Wave I in-home interview restricted use 
data and its corresponding contextual file.  Specifically, all the individual variables such as age, 
sex, race/ethnicity, and corresponding predictors based on the framework of criminological 
theories reviewed in Chapter 2 are derived from Wave I in-home interview data.  Contextual 
level variables such as the socio-economic characteristics of neighborhoods where respondents 
lived at the time of interview are obtained from the Wave 1 contextual file.  The unit of analysis 
for the contextual level variables is the census tract.  Many criminological theories such as social 
disorganization theory attribute the causes of crimes to the differences in the social structures of 
neighborhoods.  Many researchers use the census tract as an appropriate proxy for 
neighborhoods, and they believe that this unit of analysis is more suitable for the study of  
structural level factors than larger areas (Kirk 2008; Krivo and Peterson 2000; Nielsen, Lee, and 
Martinez Jr 2005; Sampson 1992; Silver 2000).  Following in the tradition of these researchers’ 
prior studies, different contextual variables based on census tracts are thus included in my study.  
I chose Wave I data for my study for several reasons. First, it is well known in criminology that 
the age-crime curve increases to a peak in the teenage years and then decreases afterward 
(Farrington 1986; Greenberg 1983; Moffitt 1993; Sampson and Laub 2003; Steffensmeier, Allan, 
Harer, and Streifel 1989; Wolfgang, Thornberry, and Figlio 1987).  Given the relative prevalence 
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of criminal activities among adolescents compared to other age groups, I might be more likely to 
capture or discover racial/ethnic disparity in crimes when most participants are between 12 and 
18 years old.   Second, some variables that are theoretically important, such as family attachment 
or parental control for social bond theory, are only available in wave I.  Therefore, wave I data 
would seem to contain richer information regarding different topics that are relevant to 
theoretical explanations of crime. My statistical models might fit better since it is possible that a 
larger portion of variation in offending might be explained by the various predictors that only 
pertain to Wave I data.   
The Add Health study uses complex survey design and respondents were selected into the 
study by using probability proportionate to size of population sampling procedures.  Different 
sampling weights such as grand sampling weight for wave I were thus developed to ensure the 
representativeness of the sample.  In order to account for the design effect, the wave I grand 
sampling weight is used in my study.  Cases that do not have a grand sampling weight are thus 
excluded from the final analysis.  In addition, I limit my sample to non-Latino white, non-Latino 
black, non-Latino Asian, and Latino adolescents since my primary research interest is to 
compare across race/ethnicity and only those groups have adequate sample sizes that allow me to 
obtain more reliable estimates.  Therefore, Native Americans (about 2% of the whole sample) 
and other race (about 1% of the whole sample) are excluded from this study due to their 
relatively small sample size.  Moreover, I also exclude respondents who are older than 19 years 
old from my study.  The final sample in my study includes 15,204 adolescents who resided in 
2,449 census tracts
11
 at the time of interview.         
                                                 
11
 Given the numbers of adolescent in my study, some census tracts have only a few respondents.  This might affect 
the findings from my study.  In order to address this problem, I scaled weights for the multilevel linear models and 
computed robust estimates in order to produce less biased results.  Future studies should try to eliminate the tracts 




3.2.1 Dependent Variables 
 The dependent variables for my study are self-reported delinquency scales for violent, 
property, and drug offending.  Each of the dependent variables is constructed by computing the 
probability score of the responses to several different questions for each respondent by using 
item response models
12
 (IRM).  Item response modeling is a fairly new concept in the field of 
criminology, only a couple of studies that I am aware of have applied this type of model to scale 
for crime/delinquency (Osgood and Anderson 2004; Osgood, Finken, and McMorris 2002; 
Osgood, McMorris, and Potenza 2002; Piquero, MacIntosh, and Hickman 2000).  This method of 
scaling has certain advantages such as it can take into account the seriousness of offenses 
compared to the traditional summative scale in which each offense is given equal weight 
regardless of the level of seriousness (Osgood, McMorris, and Potenza 2002).  The IRM can also 
transfer the ordinal or dichotomous responses into a continuous metric by computing the 
probability score for each item for each respondent (Samejima 1997).  It thus allows the 
researcher to create a scale for the underlying latent variable. The IRM and the formula for the 
graded response model as well as computation of the probability score for my dependent 
variables are discussed in detail later in section (3.3.1) of this chapter. 
 The probability scores for violent offending were computed by analyzing the 
characteristics of responses to the following four questions: “In the past 12 months, how often 
did you (1) get into a serious physical fight? (2) hurt someone badly enough to need bandages or 
                                                 
12
 I also used traditional factor analysis to scale these three dependent variables.  However, the models did not fit 
very well with the dependent variables created by using the factor analysis.  For instance, the standard errors for all 
the independent variables are larger when modeled on the factor scores of dependent variables.  Some coefficients in 
the models were also non-significant and trivial compared to the models with item response modeling.  In addition, 
results of model fit statistics such as AIC and BIC also indicate that the models fit better when using item response 
models to create the scales for my dependent variables.     
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care from a doctor or nurse? (3) use or threaten to use a weapon to get something from someone? 
(4) take part in a fight where a group of your friends was against another group?”  On a scale of 
0 to 3, the responses to these four questions are: “never,” “1 or 2 times,” “3 or 4 times,” or “5 or 
more times.”  An IRM was used to model the responses of these four questions and probability 
scores for each respondent were computed afterward in order to scale violent offending.   
Specifically, the graded response model of Item Response Theory (IRT) was used since this 
model was formulated for ordered polychotomous categories (Samejima, 1999).   
 The scale of probability score for property offending was also computed by using graded 
response model of IRM on responses to the  following seven questions: “In the past 12 months, 
how often did you (1) paint graffiti or signs on someone else’s property or in a public place? (2) 
deliberately damage property that didn’t belong to you? (3) take something from a store without 
paying for it? (4) drive a car without its owner’s permission? (5) steal something worth more 
than $50? (6) go into a house or building to steal something? (7) steal something worth less than 
$50?”  Responses are also, “never,” “1 or 2 times,” “3 or 4 times,” or “5 or more times.”  
         The drug offending scale was also created by using IRM on responses to four open-ended 
questions that asked respondents to indicate “During the past 30 days, how many times did you 
use (1) cocaine, (2) inhalants, (3) marijuana, (4) any other types of illegal drugs, including LSD, 
PCP,  ecstasy, mushrooms, speed, ice, heroin, or pills.”  The responses for these four questions 
are counts which range from 0 to 900.  However, the distributions of the response categories for 
these four questions are highly skewed.  For instance, about 77.1% of respondents reported that 
they never smoked marijuana and approximately between 93.2% and 96.9 % of them reported 
that they never used cocaine, inhalants, or any other types of illegal drugs.  Therefore, responses 
of 5 or higher were combined due to small sample sizes.   
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3.2.2 Independent Variables 
 Independent variables for my study are operationalized under the theoretical frameworks 
presented in Chapter 2.  The individual level variables are derived from wave I in-home 
interview data whereas the contextual level variables are drawn from the wave I contextual file. 
The selection of variables for data analysis is based on the practices of prior studies and is also 
dependent upon the availability within the dataset I use for my study.     
Individual Level Variables 
 The primary predictor of interest is respondent’s race/ethnicity, which was created from 
responses to two questions: “Are you of Hispanic or Latino origin?” and “What is your race?”  
Responses to these two questions were used to create four mutually exclusive dichotomous 
variables: non-Latino white (1=non-Latino white, 0=not non-Latino white), (1=) non-Latino 
Asian, (1=) non-Latino black, and (1=) Latino.   
Respondent’s sex (male=0, female=1), age (13-19 years old), and immigration status are 
also included in my study.  Age is a continuous variable and its response categories for 12 and 13 
were combined due to their small sample sizes.  Immigration status is also controlled in my study 
because the relationship between immigration status and crime has been given a lot of attention 
in academic research (Hagan and Palloni 1999; Martinez Jr and Lee 2000; Sampson 2008).  Prior 
research has found immigration status to be a significant explanatory variable for crime and that 
different generations of immigrants have different probabilities of offending (Bui and 
Thongniramol 2005).  Although it is a very controversial topic in US society, many studies have 
found that higher levels of immigration do not lead to more crime (Bui and Thongniramol 2005; 
Feldmeyer 2009; Reid, Weiss, Adelman, and Jaret 2005).  It is thus necessary to control 
immigrant status in the current study.   Immigrant status is measured by responses to three 
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questions: “Were you born in the United States?” “Was she (resident mother) born in the United 
States?” and “Was he (resident father) born in the United States?”  Respondents are coded as 
first generation immigrants (first generation immigrant=1) if they were foreign born.  
Respondents are coded as second generation immigrants if there were born in the United Sates, 
but at least one of their parents was foreign born.  Respondents are coded as third or later 
generation if both of they and their parents were born in the United States.  The reference group 
for immigration status is second generation.   
 Several sets of individual level predictors based on social learning theory, social 
disorganization theory, anomie/strain theory, and social bond theory were constructed from the 
questionnaire for in-home interview data.   Although one important aspect of my study is to 
explore the explanatory power of these criminological theories by using empirical data, 
regrettably, some important theoretical concepts were unable to be tested because of the 
unavailability of relevant information in the wave I dataset.  For this reason, I advise readers to 
be cautious when comparing the parameter estimations for different theories.   
Drawing from social learning theory, a differential peer association scale
13
 was created 
by using factor analysis to represent peer delinquency.  Specifically, factor analysis with 
principal component extraction method and varimax rotation was used to extract the factor 
scores of the latent construct for peer delinquency.  Factor analysis is a data reduction method 
and it is formulated to identify the common factor for different variables that represent the same 
underlying latent construct (Comrey and Lee 1992; Rummel 1970).  It not only captures how 
                                                 
13
 Based on the availability of the in-home questionnaire data, I was only able to construct one measurement for 
social learning theory: peer delinquency.  I could not construct any measurement for definitions ,which is a very 
important component of social learning theory.  Haynie (2005) also used Add Health data in his study, but he was 
able to construct other indicators of social learning theory, such as normative influence and belief, regarding 
involvement in minor deviant acts from the Add Health friend network and in-school dataset, but these indicators 
were not available in the in-home dataset I used here. 
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variables are related to each other, but also allows combination of different variables into a 
common factor.  Social learning theory states that individuals’ probability of committing crime 
might be affect by their association with delinquent friends (Akers and Lee 1996; Matsueda 1982; 
Sutherland and Cressey 1984).  Following prior research (Akers, Krohn, Lanza-Kaduce, and 
Radosevich 1979; Bellair, Roscigno, and McNulty 2003), the differential peer association scale 
in my study is measured by responses to three questions: “Of your 3 best friends: 1)”How many 
smoke at least 1 cigarette a day? 2) How many drink alcohol at least once a month?  3) How 
many use marijuana at least once a month?”
14
  Responses to these questions ranged from zero 
friends to three friends.  Results of factor analysis reveal that these questions load high on one 
factor with scores of at least .81 and the first factor explained 67% of the variance for the latent 
construct (eigenvalue for factor 1=2.02).   
 Based on the propositions of social disorganization theory, factor scores for collective 
efficacy were created by using factor analysis based on five questions asking respondents’ 
perception about their neighborhood.  Several prior studies find collective efficacy to be a 
significant predictor of crime (Browning 2002; Cancino 2005; Feinberg, Browning, and Dietz 
2005; Pizarro and McGloin 2006; Sampson 1997; Wells, Schafer, Varano, and Bynum 2006).  
Therefore, following the tradition of prior research, collective efficacy was created by extracting 
the common factor from three statements: “You know most of the people in your neighborhood,” 
“In the past month, you have stopped on the street to talk with someone who lives in your 
neighborhood,” and “People in this neighborhood look out for each other.”  Response to these 
                                                 
14
 Although these behaviors might not be the best measurement for peer delinquency, they were the only 




statements included yes (coded as 1) and no (coded as 0)
15
.  Results of factor analysis show that 
these statements load high on one common factor with scores at least .71 (eigenvalue for the first 
factor is 1.67, which explains 57% of variance for the latent construct-collective efficacy; results 
are based on the correlation matrix). 
Anomie/strain theory is represented by indicators for mother’s educational level
16
, if 
mother has received public assistance, if father has received public assistance, and family 
structure
17
.   Mother’s education levels are measured by responses to one question asking how 
far in school the respondent’s mother went.  The responses to these two questions include 12 
categories such as “she never went to school,” “8
th
 grade or less,” and “graduated from 
college/university.” Based on the distribution of the responses, I combined and recoded them 
into four separate dichotomous variables: “less than high school” (reference group), “high 
school,” “some college,” and or higher.”  Mother and father’s public assistances are measured by 
responses to questions asking whether or not the respondent’s mother or father ever received 
public assistance.  Responses are coded as 0 if they did not receive public assistance and 1 if they 
did receive assistance.  Family structure was constructed from two questions asking the 
relationships of the first and second household members with respondents.  The original 
responses to these two questions include 29 categories such as wife or husband, mother, father, 
grandmother, uncle, cousin, sister, and so on.  I combined and recoded these different responses 
                                                 
15
 Although factor analysis is designed to model continuous responses, given the large sample size, these dummy 
responses can still be modeled with this method since the central limit theory will apply.   
 
16
 I used mother’s education level to represent parents’ educational level here because it is correlated with father’s 
educational level.  I also tried to fit models with mother’s educational and father’s educational level separately.  It 
appears that the model fits better (based on AIC, BIC scores, and likelihood test) with mother’s educational level 
and thus it is included in my analysis here. 
 
17
 I also tested several alternative indicators for anomie/strain theory such as family income and poverty status.  
However, they were not significant in the models and inclusion of them along with other variables would introduce 
collinearity, thus they are not used for analysis here.   
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into three categories based on respondents’ answers to these two questions: living with two 
parents (reference group), living with one parent (mother or father only), and other (such as 
living with grandparents, uncle, and so on).   
 Components of social bond theory are represented by a set of indicators for respondents’ 
attachment to family and school, commitment, and investment to conventional activity.  Many 
previous studies have found these variables to be important factors in shaping delinquency 
(Demuth and Brown 2004; Jang 2002; Matsueda and Heimer 1987; Peguero, Popp, Latimore, 
Shekarkhar, and Koo 2011; Wiatrowski, Griswold, and Roberts 1981).   Specifically, attachment 
to family and school are represented by indicators regarding attachment to mother
18
, attachment 
to father, and school attachment.   Attachment to mother is measured by responses to four 
statements regarding if respondents feel close, have a good relationship, and have good 
communication with their mothers, as well as if they think their mothers are warm and loving.  
On a scale of 1 to 5, responses range from strongly disagree to strongly agree.  Factor analysis 
was also used to extract the factor for attachment to mother.  The results of factor analysis 
showed that all four statements load high on one factor, with scores of at least .78 and the first 
factor explains 70% of variance for the underlying latent construct.  Similar methodology was 
used to create the factor for attachment to father, which was measured by responses to four 
similar statements such as “Most of the time, your father is warm and loving toward you” and 
“Overall, you are satisfied with your relationship with your father.”  Results of factor analysis 
show that these statements load high on one factor with scores of at least .82 and that the first 
factor explains more than 76% of variance.  School attachment is measured by responses to five 
                                                 
18
Originally I created a factor for family attachment based on statements regarding family having fun together and 
parents caring about the respondent.  However, the predictive power of this variable was not as strong as the factors 
for attachment to mother and father.  Multicollnearity would be introduced if I put all three variables into the model, 
so this measure of family attachment was not used for this analysis.    
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statements such as “You feel close to people at your school,” “You feel like you are part of your 
school,” “You are happy to be at your school,” “You feel safe at your school,” and “You feel 
teachers treat students fairly.”  Responses to these statements were reverse coded, so on a scale 
of 1 to 5, responses range from strongly disagree to strongly agree.  Similarly, factor analysis 
was used to extract the factor for this variable.  All these statements load high on one factor with 
scores of at least .70.  In addition, in order to assess respondents’ commitment to and investment 
in conventional activity, participants’ grades at school, which consisted of their scores in English, 
mathematics, science, and history, were constructed by using factor analysis as well.  Scores for 
these four subjects were recoded so that higher numbers reflected better scores
19
.   Result of 
factor analysis show that all four subjects load high on one factor with scores of at least .97.     
Contextual Level Variables 
 Several contextual level variables (based on census tract
20
) regarding the community 
context where respondents lived at the time of their interview were constructed from the 
contextual file.  Drawing from social disorganization theory, these measures of community 




                                                 
19
Students’ grades were reverse-coded to the standard four-point scale.   
 
20




 Originally, I also tried to include some other contextual level variables such as % high school graduates, 
population density, total population, and % young males that are unemployed into my model.  However, these 
variables are not statistically significant and have little impact on crime, so I did not include them in the final 
analysis for chapter, 4, 5, and 6.  Results of analysis that include these variables in the models can be found in the 




 The socio-economic status
22
 of the community is represented by the measure for structure 
disadvantage, which was created by using factor analysis on four variables: the proportion of 
residents (16 years and above) who are unemployed, the proportion of families with incomes in 
1989 below the poverty level, proportion female householders, and the proportion of black 
population
23
.  The log transformation was taken for all these variables before entering for factor 
analysis in order to account for the nonlinearity and nonnormality.  Results of factor analysis 
show that all these variables load high on one common factor with scores at least .75 (eigenvalue 
for first factor=2.82 and it accounts for 71% of variance for the latent factor).   
 In order to assess racial/ethnic composition of a community, the minority population 
proportion is included for my study.  Specifically, I used the proportion of Asians in the 
population to account for the minority composition.  This variable was also transformed into log 
scales due to its high skewness.  It is worth mentioning that, originally, I also included a 
measurement for Latino population proportion, but this variable was highly correlated with 
Asian population size and thus was not included in the final analysis due to colinearity. In 
addition, I tried to fit models with the Asian population and Latino population separately.  




, deviance, and likelihood tests all indicate that 
the models with Asian population size fit better than those with Latino population size. Therefore, 
I chose Asian population proportion in my final analysis based on the model fit statistics.  
                                                 
22
 Initially, I also created a community structural advantage measure that included the median household income, 
proportion age 25 or above with a college degree or higher, and proportion of households that are married-couple 
families.  However, this variable was highly correlated with the measure for structural disadvantage and it had little 
impact on crime.  Therefore, this structural advantage measure was not used for analysis here.   
 
23
 It might be debatable if this variable should be included into the measure of disadvantage index, but some 
previous researchers believe this it should be.  For instance, De Coster, Heimer, and Wittrock (2006) in their study 
included proportion of black population when creating a measure for disadvantage index.   
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 Akaike information criterion 
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 Bayesian information criterion 
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Moreover, initially, I also included a measurement for percentage foreign born, yet this variable 
was also highly correlated with minority population size (such as Asian population size) and thus 
was not used for analysis. White and total population sizes were also not controlled for in my 
analysis due to issues with multicollinearity.  
 Residential mobility was accounted for by extracting factor scores from the percent of 
housing units that are owner-occupied and the proportion of residents who have lived in the same 
house for five or more years.   Since these two variables are actually related to residential 
stability, I thus took the reciprocal of these variables to create measures for mobility by 
subtracting each of them from 100 before using factor analysis to create a scale.   
3.3 Statistical Models 
3.3.1 Item Response Model 
 Item response models (IRM) are used to create scales for my dependent variables.  Item 
response modeling is based on item response theory (IRT) and it models the relationship between 
item response and characteristics of the underlying latent trait (Drasgow and Hulin 1990).  IRT 
forms the foundation for many psychometric applications and it is often used for instrument 
development and design (De Ayala 2009).  IRM formulates mathematical models that position 
responses of different items on a latent dimension that underlines the latent construct of those 
items.   Depending on whether the responses are dichotomous or polychotomous, common IRT 
models include a family of one-parameter models, two-parameter models, and three-parameter 
models (De Ayala 2009).  To model ordered responses, one common model is Samejima’s (1997) 
graded response model (GR), which translates the ordered responses of several items or 
questions into the probabilities of responses by using a logistic function.  A convenient way to 
write the formula for GR model is: 
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                         (  )  
   (      )
     (      )
                     (3.1) 
Where θn denote the latent trait, which represents the cumulative probability-the 
probability of obtain a score/category k or higher; αj, denotes the discrimination parameter for 
item j, which controls the slope of the item characteristic curve
26
 (ICC); and bi, denotes an item 
difficulty, which controls the location of ICC.  This model specifies the probability of responding 
in the j
th
 category for item i for person n as a function of the person’s ability and step parameters 
of α and b.  In the GR model, bi is always in an increasing order, which can be thought of as the 
boundary or threshold between a categories k and k+1(De Ayala 2009).   In general, the fewer 
respondents at or above any specific score/category, the higher the value of bi.   Because of this 
property, GR model can be applied to model ordered responses for deviance or crime since 
usually more serious crimes typically are less frequent.  In other words, comparing cross items 
such as different types of crimes, the value for this b will be greater for more serious offenses 
when there are fewer responses (since they are less frequently).  Therefore, after applying 
formula (3.1), the probability score for the latent construct will be lower, which means the 
probability to commit this type of offense will be lower for the respondent in general compared 
to other more frequent offenses.   
Osgood, McMorris, and Potenza (2002) applied this GR model to create a scale for 
different types of crimes/deviance such as serious fighting, robbery, shoplifting and workplace 
vandalism. The responses to these delinquent items in their study are: never, at least once, at 
least twice, three or more, and five or more.  In their study, they also found that the more serious 
and less frequent the behavior, the higher the range of θ, meaning the item provides more 
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 ICC is the plot of probability of all responses for each item. 
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information and it is more reliable since it yields smaller standard errors (Osgood, McMorris, 
and Potenza 2002).    
In my study, the responses for my dependent variable such as violent offense range from 
0 to 3 and most people never engaged in any violent behaviors such as injuring someone (81% 
answered never), fighting (68% answered never), threatening others with a weapon (96% 
answered never), and taking part in a group fight (80% answered never).  Obviously, the 
responses to some items are more frequent than the others.  Therefore, GR modeling can model 
the characteristics of the response categories to each item and transfer them into the probability 
score by applying equation (3.1), where α and b can be used to differentiate and discriminate 
among responses for each item.  The scales for violent, property, and drug offending were 
created by applying the GR model in STATA 11 using the GLLAMM program when specifying 
the ordinal probit link.  Specifically, the posterior means (empirical Bayes prediction) were 
computed for each respondent for each item/question regarding violent offending first.  I then 
created a standardized scale (with mean=0 and std=1) for violent offending after reshaping the 
data structure
27
 based on these posterior means for each item.  The scales for property and drug 
offending were created by using the same method.  
There are several advantages of using item response modeling to create a scale for my 
dependent variables.  First, the responses categories for my dependent variables are ordinal, so 
this method makes good use of all the information for all items by positioning each ordinal 
score/information into a shared interval level metric on a latent dimension.  In other words, the 
GR model precisely estimates the location of each response for each item as well as for each 
respondent on an underlying continuum of the latent construct: crime/deviance.  Second, GR 
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 In order to use gllamm for item response model the data must be reshaped into a long form where the responses 
must be stacked into one response first and dummy variable needs to be created for each item.   
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model also produces the posterior means or scores for the item responses for all the respondents 
and all items, which allows me to create a scale for each type of offense.   I am thus able to use a 
multilevel linear model for all my dependent variables
28
.     
3.3.2 Multilevel Model and Model Building Procedures 
Multilevel liner modeling is used for my analysis.  Multilevel modeling is also often 
referred to as “random coefficient modeling,” “random-effect modeling,” “variance component 
modeling, or “hierarchical modeling” (Hox 1995).  Generally, multilevel regression modeling 
assumes a hierarchical structure in the data set and units of observations fall into groups or 
clusters.  In clustered data, it is  essential to account for dependence or correlation among 
responses in the same unit or cluster (Rabe-Hesketh and Skrondal 2008).  In a multilevel model, 
the dependence can be explicitly modeled.  One difference between the traditional regression and 
multilevel regression model is that the latter allows random effects such as random intercept or 
random coefficient for each unit.  In other words, a multilevel model allows the intercept or 
coefficient of a single factor to vary across clusters (Rabe-Hesketh and Skrondal 2008).  Very 
often, a multilevel model is written by first defining the relationship between the outcome 
variable and the level 1 covariates, where the coefficients are allowed to vary at level 2.  These 
coefficients are then regressed on level-2 covariates and have level 2 residuals    Given the 
distribution of outcome variable yij, its conditional expectation can be specified through a link 
and family function with the explanatory variables (Rabe-Hesketh, Skrondal, and Pickles 2004).  
Conveniently, the link and family function for a multilevel linear model are usually identify and 
Gaussian.  In addition, depending on the structure and nature of random effects in multilevel 
linear modeling, common models include random intercept modeling and random coefficient 
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 I also used factor analysis to create a scale for my dependent variables.  The model seems to fit better with the 
dependent variables created by IRM. 
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modeling, where the former allows the intercept to vary across units and the latter also allows the 
slope of a factor to shift.  For a two-level linear model, Rabe-Hesketh and Skrondal (2008) 
decomposed the total residuals into level 1 and level 2 residuals:  
                              ξij  = ζj+ εij                                                   (3.2) 
Where ζj, denotes the total residuals, εij denotes the level 1 residuals and ζj refers to level 2 
residuals.  Substituting the above formula into the traditional linear regression, we then get the  
 random intercept model with covariates: 
         Yij= β1+ β2x2ij + ... + βpxpij + ζj+ εij 
             = (β1+ ζj )+ β2x2ij + ... + βpxpij+ εij                            (3.3) 
Here, Yij represents the responses i in j unit and ζj refers to the random parameter whereas β1 to 
βp represents the fixed parameter.   
Different from the random intercept model, the random coefficient model adds random 
slopes for covariates.   Rabe-Hesketh and Skrondal (2008) defines a random coefficient model as:  
                Yij= β1j+ β2x2ij+ βpxpij +ζ1j + ζ2 jx2ij+ζpjxpij+ εij 
                = (β1+ ζ1j) + (β2+ ζ2) x2ij+… + (βp+ζp) xpij+εij          (3.4) 
Where ζ1j represents the variation of unit j’s intercept from the mean intercept β1, and ζ2 j denotes 
the variation of unit j’s slope from the mean slope β2.  
 In my study, respondents are clustered within 2,449 census tracts based on their 
residential address.  The level 1 unit is thus the respondent and the level 2 unit is census tract.  
Therefore, multilevel modeling is appropriate for my analysis since it is likely that there is a 
dependence or correlation among individuals who live in the same tract.  In my study, based on 
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the notations of equation (3.3) and (3.4), Yij represents the probability scores for violent, property, 
and drug offending, respectively, for respondent i in tract j.  All my independent variables 
described in section 3.2 2 can be represented by β1to βp.  By applying equation (3.3) and (3.4), 
the intercepts (or the grand mean) or the slopes of individual level covariates such as mother 
attachment and father attachment on probability of offending are free to vary across each census 
tract.  The variations of the random intercepts or slopes of level-1 covariates can then be 
modeled by regressing on level-2 covariates such as the concentration of disadvantage and 
minority’s population.  By doing that, I am able to examine how much reduction in the variation 
of probability of offending is due to individual covariates and contextual covariates separately.  I 
am also able to determine if the variance of random effects attributed by individual level 
covariates can be explained by the contextual covariates.  For instance, I can answer questions 
such as “Does the effect of attachment to parents on offending vary based on the level of 
disadvantage that each neighborhood has?”   In addition, in order to assess if individual 
covariates interplay with contextual covariates in shaping offending, a cross-level interaction 
terms can be modeled.  For instance, if we can add a cross-level interaction into equation (3.4) by 
plugging in ((β1p* β2p )+ζp)* xpil , where β1p denotes an individual level variable and β2p represents 
a contextual level variable, we can model the cross effect of level-1 and level-2 covariates.    
Model building was used in order to assess the changes in the main effect of my primary 
predictor-race/ethnicity, on offending when adding different sets of individual and contextual 
level covariates.  Since my study focuses on exploring the effect of race on offending when 
controlling for both individual level and contextual level covariates, both random-intercept and 
random-coefficient models were applied in order to see changes in the main effect under 
different conditions.    
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Specifically, I built 12 different models for violence and ten models for property and drug 
offending, individually.  For instance, in order to model violent offending, I started with the 
variance component model (null model) without any covariates in order to obtain the 
unconditional intra-class correlation.  In order to allow the intercept of each variable to vary 
across census tract, I then put the following sets of individual level variables sequentially into the 
random intercept models (from model 1 to model 6): different racial/panethnic groups (Model 1); 
female, age, and immigration status (Model 2); social learning indicator-peer delinquency 
(Model 3); social disorganization indicator-collective efficacy (Model 4):; anomie/strain 
indicators-mothers’ education level, poverty status (ever received public assistance), and family 
structure (Model 5); and social bond indicators-attachment to parents, school, and grades (Model 
6).  In Model 7, I put contextual covariates such as concentration of disadvantage, Asian 
population proportion, and residential mobility into the model without the individual covariates 
in order to examine the contextual effect on violent offenses.  In Model 8, both individual and 
contextual covariates were included.  From Model 9 to Model 11, I then relaxed the model 
assumptions and allowed the slopes of level-1 and level-2 covariates to vary by using the random 
coefficient model.  In Model 9, I introduced a random slope for peer delinquency.  I included a 
random slope for school attachment and grades in Model 10.  I then allowed the slope of 
concentration of disadvantage to vary when modeling both individual and contextual level 
covariates in Model 11.  By doing that, I can examine if the effects of these covariates have 
differential effects on the probability of offending across different neighborhoods.  Next, in 
Model 12, I added cross-level iteration terms between race and structural advantage.  The 
interaction terms fit better by using the random coefficient models than by using the random 
intercept models, and thus I only show the results for the former models in the final analysis.   In 
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addition, in each of these models, the R
2
 for each level and intra-class correlation were calculated 
to see the changes in the variation of offending and to determine how much variance is explained 
by between or within group effect when adding different sets of covariates.  To assess the overall 
fit of each model, AIC, BIC scores, and the likelihood test were also obtained.    
As for property and drug offense, similar model building procedures were used.  
However, the random coefficient model for contextual effects (Model 11) and cross-level model 
(Model 12) were not fitted for both property and drug offenses since none of contextual level 
covariates were significant for these two types of offenses.   
It is worth note that, the purpose of my study is to explore the effect of race on offending 
under different circumstances, so I fitted many different models: 1) by rotating the reference 
group for race/ethnicity in order to compare the disparity in different groups; 2) by entering the 
sets of covariates in different orders; and 3) by fitting both random intercept and random 
coefficient models
29
.  Since my study is highly exploratory, I tried to start with simpler models 
(Model 1 to Model 8) and then moved toward more complicated models (Model 9 to Model 12).  
Rabe-Hesketh, Skrondal, and Pickles (2004) also often use this strategy in their work examples 
in order to speed up the computation in “gllamm.”  However, only the most optimal models (the 
12 models already introduced, out of a total of more than 40 attempted) with non-Latino whites 
as the reference group for my primary predictor- race, are shown in my final analysis in Chapter 
4 to Chapter 6.    
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 Although it might not be necessary to fit the random intercept models, the random intercept models were still 
included in the final results because they do not fit much worse than the random coefficient models and they are 




Multilevel analysis was conducted in STATA11 by using the “gllamm”
 30
 procedure with 
maximum likelihood estimation. Several procedures such as “xtmixed” and “xtreg” are also 
available in STATA11 to fit multilevel linear modeling.  However, compared to “gllamm,” 
“xtmixed” cannot apply sampling weights and is unable to account for design effect although it 
is more computationally efficient for estimating parameters for multilevel linear models (Rabe-
Hesketh, Skrondal, and Pickles 2004).  The procedure “xtreg” in STATA can only fit random 
intercept model and thus was not used for analysis.  Specifically, two- level linear random 
interpret and random coefficient models were used for all parameter estimates in my study.  
Weights were also scaled on both individual and contextual levels in order to account for 
unequal sampling probability.  The methods used for scaling weights for multilevel models are 
discussed in detail in the next section 3.3.3.  Finally, in order to account for stratification and 
clustering, the sandwich estimator was also used to obtain more robust estimates.   
3.3.3 Scaling Weights for Multilevel Model and Model Diagnostics  
The Add Health study uses multistage sampling for data collection and it oversamples 
racio-ethnic minorities.  It is thus essential to account for the design effect, stratification, and to 
adjust for unequal sampling probabilities in multilevel analysis in order to obtain less biased 
estimations.  Scaling weights for multilevel models is extremely important since failing to do so 
would cause regression coefficients to be severely biased and variance component estimates to 
be inaccurate (Rabe‐Hesketh and Skrondal 2006).  For this reason, a common strategy to 
rectify such situations is to scale sampling weights, a strategy which has been discussed in 
                                                 
30
 Rabe-Hesketh, Skrondal, and Pickles (2004) in their gllamm manual caution researchers against using their 
special program to fit multilevel linear models since the algorithm they developed fits better with multilevel 
generalized linear models when the dependent variables are not continuous.  However, this procedure allows 
researchers to apply multilevel weights and account for design effect and thus is still used despite not being 
computational efficient.   
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previous research (Korn and Graubard 2003; Pfeffermann, Skinner, Holmes, Goldstein, and 
Rasbash 1998).   For instance, Pfeffermann et al. (1998) proposed a method for scaling weights 
by using pseudo-maximum-likelihood estimation with an iterative generalized least squares 
algorithm.  This method of scaling has also been recommended in Add Health’s User’s Guide 
and thus is used in my study.  For instance, the level 1 weights are scaled by setting the scaling 
factor as one that equates the apparent cluster size and effective sample size by defining (Rabe‐
Hesketh and Skrondal 2006):  
                                  
( )
=
    






   
                                    (3.5) 
Where   
( )
 is the scaling factor for level 1 and       represent sums of weights for j clusters and it 
equals:  
                                          ∑     
( ) ( )
                                       (3.6) 
Where       equals level 1 weights.  Therefore, Rabe-Hesketh and Skrondal (2006) write the 
level 1 weighting for the multilevel model as: 
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 Specifically, Applying formula (3.5), (3.6), and (3.7), level 1 weights in my study can be 
calculated by first squaring the grand sampling weights for wave I in home data that are provided 
by Add Health, and then summing them over the 2,449 clusters.  The results of the summation 
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are then used to time the scale factor.   I used a procedure named “pwigls” in STATA 11 to scale 
weights for my level 1 and level 2 multilevel models based on the grand sampling weights for 
wave I in-home and contextual data.  Since race is my primary explanatory variable of interest, I 
am thus able to adjust for the unequal selection probability among minorities such as Asians and 
Latinos and produce less biased estimations for those groups by scaling different weights for 
both individual and contextual levels.   
 In addition, in order to account for design effects such as clustering and stratification in 
Add Health, a sandwich estimator was also applied.  Rabe-Hesketh and Skrondal (2006) in their 
study of multilevel analysis for complex survey found that the sandwich estimator provides more 
robust estimates and is able to account for complicated survey design.  The sandwich estimator 
was used by specifying the “robust” command in “gllamm” in my study. 
 Finally, model diagnostics based on residual analysis were also conducted before 
building multilevel models in STATA.  For instance, I examined the distribution of residuals by 
using QQ plot (quantile) and estimated dfbeta.  I also used log transformation on all the 
contextual level variables such as concentrated disadvantage in order to account for the 
nonmorality and skewness.  VIF scores and correlation were also estimated in order to ensure 
multicollinearity was not present among individual variables.  The Hausman endogeneity tests 
were also conducted for different models in order to check the efficiency of parameter estimators 
and model specification. Results of model diagnostic show a general satisfaction with all model 




3.4 Descriptive Statistics 
The descriptive statistics for all individual variables for each racial/panethnic group are 
presented in Table 1.  Information from Table 1 suggests that there are some disparities in the 
mean probability scores for each type of offense between each race.  For violence, Asians and 
whites report less self-report violent offending compared to blacks and Latinos.  Among all the 
groups, Asians have the lowest probability scores for violence whereas blacks have the highest 
mean scores for this offense.  As for self-reported property offense, whites and blacks report less 
property offending than Asians and Latinos.  Blacks are the least likely to engage in reported 
property offending whereas Latinos are most likely to engage in such activity.  Regarding self-
reported drug offending, whites report the highest level of drug use compared to all other groups.  
Latinos also report more drug offending than blacks.  Asians report the lowest level of drug 
offending compared to all other groups.   
There are also some differences in demographic backgrounds among the racial groups.  
Regarding the characteristics of the sample, whites account for the largest portion of the sample 
(54%), followed by blacks (23%), Latinos (9%), and Asians (7%).  The average age in my 
sample is around 16 across race/ethnicity.  In the full sample, approximately two thirds of 
respondents identified themselves as third generation immigrants. The majority of whites and 
blacks claimed they were third or later generation immigrants. However, most Asians and 
Latinos in my sample identified themselves as either first (about 53% for Asians and 58% for 
Latinos) or second generation immigrants (about 24% for Asians and 22% for Latinos).   
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Table 1: Descriptive Statistics for All Individual Level Variables 
    Full Sample        White 
 
      Asian 
 
       Black 
 
      Latino 
  Mean 
p SD Mean p 
 
SD Mean p 
 
SD Mean p 
 
SD Mean p 
 
  SD 
Violent Crime .000  1.000 -.094 1.008 -.131 1.000 .175 1.098 .061 1.104 
Property Crime .000  1.000 -.007 .962  .053 .998 -.080  .892 .065   .992 
Drug Crime .000  1.000  .044 .974 -.110 .773 -.085 .782 -.015   .906 
Race/Ethnicity           
           White .536 .498         
           Asian .074 .261         
           Black .225 .417         
           Latino .091 .288         
Female .509 .499 .509 .499  .474  .499 .529  .499   .501  .500 
Age 16.460 1.831 16.112 1.831 16.600 1.759 16.122 1.848 16.460 1.690 
Immigrant Status  .                   
            First Generation .088 .283 .075 .122 .530 .497 .025 .156 .576 .447 
            Second Generation .175 .263 .126 .160 .247 .442 .118 .136 .220 .414 
            Third Generation .756 .478 .611 .499 .169 .254 .597 .456 .146 .353 
Social Disorganization           
             Collective Efficacy .000 1.000 .051 .961 -.422 1.11 .142 .919 -.189 1.07 
Social Learning           
             Peer Delinquency .000 1.000 .088 1.022 -.200 .950 -.167 .920 -.048 .991 
Anomie/Strain           
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p Mean or Proportion
           Mother’s Educational Level           
       Less than High School .212 .409 .136 .343 .205 .425 .177 .397 .454 .499 
       High School .374 .484 .419 .493 .243 .429 .365 .481 .300 .458 
       Some College .127 .333 .130 .337 .107 .309 .151 .358 .098 .298 
       College or Higher .263 .433 .282 .450 .440 .492 .286 .452 .128 .312 
         Father Received Public Assist  .035 .184 .024 .155 .053 .224 .037 .190 .052 .222 
Mother Received Public Assist .108 .311 .066 .248 .068 .251 .171 .377 .169 .375 
         Family Structure            
                      Two parents Family .494 .499 .573 .494 .604 .489 .294 .455 .467 .498 
        One Parent Family .366 .481 .324 .468 .258 .438 .507 .500 .382 .486 
        Other Living Situation .129 .335 .096 .295 .138 .345 .182 .385 .150 .357 
Social Bonds           
             Attachment to Mother .000  1.000 .014 .992 -.084  1.040 .009 .965 -.052 1.02 
            Attachment to Father .000  1.000 .050 .929 -.066 .995 -.015 1.012 -.066 1.03 
           Attachment to School  .000 1.000 .037 1.007 .090 .870 -.069 1.00 -.017 .965 
           School Grades .000  1.000 .136 1.00 .338 .978 -.221 .908 -.258 .965 
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There is also notable disparity across race/ethnicity regarding different sets of theoretical 
interests.  First, Asians have the lowest mean score for collective efficacy (social disorganization 
theory) compared to any other groups.  Asians and Latinos seem to be much less likely to 
interact with their neighborhoods compared to whites and blacks.  Second, white adolescents 
seem to be more likely to be associated with delinquent friends than any other group whereas 
Asians reported to be least likely to associate with delinquent friends.  Third, Asians and whites 
tend to be far better off in terms of socio-economic status compared to blacks and Latinos 
(anomie/strain theory).  For instance, Asian parents have the highest college graduation rate 
(more than 44% for both mother and father), followed by whites (33% for father and 28% for 
mother).  Latino parents have the least education and only 15% of fathers and 12% of mothers 
completed college.  Whites and Asians are also much less likely to receive public assistance and 
more likely to live in two-parent families compared to Latinos and blacks.   Finally, Asians tend 
to be least attached to their parents whereas whites are most attached to parents.   Latinos report 
less attachment to their parents than blacks, but not less than Asians.  However, Asians are more 
attached to school and have the highest grades compared to any other group.  Latinos are 
reported to be least attached to school and have the lowest school grades.   
Descriptive statistics regarding all contextual level variables are presented in Table 2. 
Information on contextual variables indicates that across those 2,449 census tracts, the average 
unemployment rate is about 6%.  The percentage of family who live under poverty line in 1989 
is about 10% and the proportion of female-household is about 5% on average.  In addition, the 
average population proportion for Asians is 3% across tracts where those respondents lived at the 
time of interview and each tract has about 5,500 respondents.  Finally, the mobility is relatively 
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high on average with about 47% of respondents reporting they moved into their house within 
five years.    
 











The purpose of my study is to examine the effect of race on different types of offending 
by identifying and describing the disparity in crime among non-Latino whites, blacks, Asians, 
and Latinos.  To create the scales for each type of offense, I computed the probability scores for 
the latent variable-offending, for each respondent on each item (different survey questions 
regarding committing crime) by using graded response modeling.  Compared to other methods of 
scaling crime/deviance such as summative scaling (all the items are weighted the same 
regardless the seriousness of offense), item response modeling precisely positions the response 
categories to a continuous latent metric by including an item discrimination and a difficulty 
parameter and thus gives more reliable estimations.  Therefore, the more serious crimes that are 
less frequent will be assigned with a lower probability score with a large range for the 
     Mean/Proportion             SD 
Concentrated Disadvantage   
      Unemployment          .056            .205 
      Poverty Level          .100            .232 
      Female-household           .053            .205 
      Black Population          .149           .339 
Asian Population          .033            .227 
Residential Mobility          .471            .271 
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respondents whereas less serious or more trivial offenses will be assigned with a high probability 
of offending since they are usually more frequent.  In addition, drawing from social 
disorganization theory, social learning theory, anomie/strain theory, and social bond theory, I 
constructed different sets of covariates to account for the change in the main effect- 
race/ethnicity, on offending by building 12 different models.  Model diagnostics and data 
transformation were also conducted before estimating the parameter in STATA11.  Furthermore, 
descriptive statistics for each dependent and independent variables are also reported at the end of 

















CHAPTER IV: MULTILEVEL ANALYSIS OF VIOLENT OFFENDING 
4. 1 Multilevel Linear Model for Violent Offending 
 Results of multilevel analysis of the probability scores for violent offending are presented 
in this chapter.  A multilevel linear model is used to model the probability scores for violent 
offending when adjusting for both individual level and contextual level covariates.  The 
probability scores for violent offending are obtained by using a graded response model for 
responses to four questions asking if respondents ever got into a fight, injured someone, used 
weapon to threaten someone, or participated in a group fight.  The primary explanatory variable 
of interest is race, with possible values being non-Latino white (reference group), non-Latino 
Asian, non-Latino black, and Latino.   
Model building is used in my study to assess the change in the main effect of race when 
adding different sets of covariates.  All analyses are conducted by using the procedure named 
“gllamm” in STATA 11.  In order to make the computations more efficient in “gllamm,” I 
started with relatively simple models such as variance component models and random intercept 
models and then moved toward more complied random coefficient models.  A total of 12 optimal 
models with different sets of explanatory variables are built into my study.    
 The formulas for the multilevel linear models have been discussed in detail in section 
3.3.2.  In order to fully explore the effect of race on violent offending, I use an exploratory 
procedure to build models.  Hox (1995) suggested a five-step procedure to build models for 
multilevel analysis.  Following his recommendations, 12 models have been built to explore 
violent offending.  First, in the null model, I modeled violent offending without any explanatory 
variables in order to obtain the random intercept and the unconditional intra-class correlation.  
Second, from Model 1 to Model 6, I modeled violent offending by holding different sets of 
82 
 
individual level (level 1) explanatory variables fixed.  That is to say, random-intercept models 
are used here when the corresponding variance components of the slopes are fixed at zero.  In 
these models, I tried to assess the contribution of each individual level explanatory variable.   
Third, in Model 7, I analyze violence by adding only the contextual level variables.  By doing 
this, I am able to see if the probability of offending can be directly shaped by the characteristics 
of the neighborhood.  Fourth, in Model 8, I add all level 2 (contextual variables) after fitting all 
level 1(individual variables) covariates.  This allows me to examine whether these higher level 
explanatory variables explain between-group variations in the dependent variable.  Between 
Model 9 to 11, I relax the assumption of Model 8 by allowing the slope of covariates such as 
peer delinquency (social learning measure), school attachment and grades (social bond 
indicators), and the contextual variable concentration of disadvantage (social disorganization 
measure), to vary across clusters.  Finally, I add cross-level interaction between the explanatory 
individual level variable, race, and the contextual level variable, disadvantage, in Model 12.   
 Findings from these 12 models are reported and summarized in the rest of this chapter.  
Overall, level 1 and level 2 R-squared values as well as conditional and unconditional intraclass 
correlation are also calculated in order to examine the portion of variance in violence that is 
explained by different explanatory variables.  By calculating these numbers, I am also able to 
determine the explanatory ability of different theories on violence.   
4.2 Results of Multilevel Analysis 
 Results of the 12 models for violent offending are presented in Table 3.  In the null model, 
the variance component model for violent offending is reported.  The fixed part is represented by 
the coefficient for the constant, which is -.031 with standard error of .018.  That is to say, the  
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Table 3: Multilevel Analysis of Violent Offending (Robust Standard Errors in Parentheses) 
 
 
(Null)    (1) 
 
   (2) 
 
   (3) 
 
  (4) 
 
  (5) 
 
(6) (7) (8) 
                      Fixed Part          
Individual-Level Variables (Level 1)          
_cons -.031         
 (.018)         
Race/Ethnicity (ref. Non-Latino White)          
        Non-Latino Asian  -.073* -.054 .002 .012 .082 .102*   .238** 
 
 (.034) (.044) (.041) (.041) (.044) (.050)  (.089) 
        Non-Latino Black  .251*** .240*** .311*** .308*** .269*** .217
***
   .230*** 
 
 (.048) (.051) (.049) (.049) (.059) (.060)  (.100) 
       Latino  .128*** .149*** .178*** . 181*** .123** .120*   .148 
 
 (.048) (.049) (.046) (.046) (.054) (.055)  (089) 
Female  
 




(.018) (.016) (.016) (-.022) (.026)  (.036) 
Age  
 




(.004) (.004) (.004) (.005) (.006)  (.011) 
Immigrant Status (ref: Second Generation)  
 
       
       First Generation   -.162*** -.017 -.008 -.013 -.012  -.035 
       (.030) (.029) (.030) (.040) (.049)  (.066) 
       Third or Later Generation   -.100*** -.072** -.071**  .028 .040   .061 
   (.022) (.022) (.022) (.028) (.049)  (.044) 
Social Learning          
      Peer Delinquency  
  




(.012) (.012) (.013) (.015)  (.027) 
Social Disorganization  
     
   
     Collective Efficacy  
   
.029** .006 .037**   .026 
     (.010) (.011) (.011)  (.019) 
Anomie/Strain          
     Mother's Educational Level 
a          
               High School  
    
-.159*** -.125**  -.147* 
 
 
    
(.035) (043)  (.079) 
84 
 
               Some College  
    
-.155*** -.128**  -.080 
 
 
    
(.043) (.052)  (.095) 
               College or Higher  
    
-.256*** -.189***  -.183* 
 
 
    
(.040) (.047)  (.081) 
Table 1. (Continued)          
       Mother Received Public Assistance  
    
.261*** .222**  .156 
 
 
    
(.063) (.075)  (.123) 
       Father Received Public Assistance  
    
 .030 -.005  -.018 
 
 
    
(.093) (.090)  (.134) 
       Family Structure (ref. Two Parent family)          
              One Parent Family  
    
.148*** .020  -.040 
 
 
    
(.039) (.043)  (.071) 
              Other Living Situation  
    
.086* .077
*
  .119* 
 
 
    
(.032) (.037)  (.051) 
Social Bond          
       Attachment to Mother  
     
-.023  -.038 
 
 
     
(.017)  (.026) 
       Attachment to Father  
     
-.016  -.004 
 
 
     
(.014)  (.026) 
       Attachment to School  
     
-.121***  -.097*** 
 
 
     
(.016)  (.027) 
       Grades  
     
-.108***  -.129*** 
 
 







Contextual Level Variables (Level 2)          
      Concentrated Disadvantage        .058** .037 
        (.019) (.027) 
      Proportion of Asian Population        -.016 .004 
        (.013) (.016) 

















Crossed-Level Interaction          
       White*Disadvantage          
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       Black*Disadvantage 
 
      
  
          
       Latino*Disadvantage          
          
                  Random Part          
Variance at level 1 (within-group) 1.006 .995 .935 .840 .840 .745 .682 .932 .631 
 (.016) (.016) (.015) (.013) (.013) (.014) (.016) (.022) (.025) 
Variances and  covariances of random effects at Level 2          
        Variance of Intercept  .365 .371 .353 .324 .325 .316 .331 .430 .379 
 .029 (.029) (.026) (.024) (.024) (.026) (.029) (.039) (.036) 
       Covariance of Intercept  and Slope          
          
       Correlation of Intercept and Slope           
       Variance of  Slope           
          
 R
2
  .012 .066 .103  .154 .259 .260 .006  .263 
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Table 3.  Continued.  Multilevel Analysis of Violent Offending (Robust Standard Errors in Parentheses) 
   (9)  (10)   (11)  (12) 
                      Fixed Part     
Individual-Level Variables (Level 1)     
_cons     
     
Race/Ethnicity (ref. Non-Latino White)     
        Non-Latino Asian .205* .239** .273** .235* 
 
(.091) (.085) (.093) (.095) 
       Non-Latino Black .221*** .230*** .212*** .185* 
 
(.061) (.064) (.064) (.061) 
      Latino .190* .189* .169 .139 
 
(.087) (.084) (.087) (.083) 
Female -.449*** -.447*** -.459*** -.458*** 
 
(.037) (.036) (.038) (.037) 
Age -.110*** -.107*** -.109*** -.109*** 
 
(.012) (.012) (.013) (.013) 
Immigrant Status (ref: Second Generation)     
       First Generation -.094 -.053 -.031 -.026 
     (.072) (.074) (.081) (.082) 
       Third or Later Generation .042 .059 .080 .079 
 (.046) (.043) (.046) (.047) 
Social Learning     
      Peer Delinquency .263*** .286*** .295*** .295*** 
 
(.032) (.026) (.030) (.030) 
Social Disorganization     
     Collective Efficacy .016 .019 .026 .025 
 (.022) (.020) (.020) (.020) 
Anomie/Strain     
     Mother's Educational Level 
a 
    
               High School -.158* -.167* -.176* -.172* 
 
(.075) (.075) (.074) (.072) 
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               Some College -.087 -.051 -.124 -.122 
 
(.094) (.096) (.096) (.095) 
              College or Higher -.166* -.187* -.232** -.228** 
 
(.075) (.074) (.074) (.074) 
      Mother Received Public Assistance .152 .139 .170 .171 
 
(.127) (.128) (.127) (.128) 
      Father Received Public Assistance -.008 -.061 -.118 -.118 
 
(.138) (.138) (.141) (.142) 
      Family Structure (ref. Two Parent family)     
              One Parent Family -.066 -.029 -.094 -.097 
 
(.075) (.072) (.077) (.078) 
             Other Living Situation .135** .128* .116* .118* 
 
(.051) (.051) (.053) (.053) 
Social Bond     
       Attachment to Mother -.035 -.031 -.049 -.049 
 
(.026) (.027) (.027) (.027) 
      Attachment to Father -.010 .000 -.007 -.007 
 
(.028) (.028) (.027) (.027) 
      Attachment to School -.102*** -.132*** -.094*** -.095*** 
 
(.028) (.031) (.029) (.029) 
      Grades -.137*** -.150*** -.112*** -.113*** 
 
(.029) (.027) (.028) (.028) 
Contextual Level Variables (Level 2)     
      Concentrated Disadvantage .025 .010 .067* .094* 
 (.028) (.028) (.032) (.037) 
      Proportion of Asian Population .001 .005 .001 .001 
 (.017) (.016) (.016) (.016) 







(.046) (.045) (.046) (.046) 
Crossed-Level Interaction     
       Asian*Disadvantage    -.085 
    (.101) 
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reference group is “Less than High School”
       Black*Disadvantage    -.081 
    (.084) 
       Latino*Disadvantage    -.077 
    (.081) 
                  Random Part     
Variance at level 1 (within-group)  .541 .536 .551 .550 
 (.028) (.027) (.025) (.025) 
Variances and  covariances of random effects at Level 2     
        Variance of Intercept  .314 .337 .362  .360 
 (.039) (.033) (.038) (.038) 
       Covariance of Intercept  and Slope .096 -.090 .104  .101 
 (.025) (.023) (.036) (.036) 
       Correlation of Intercept and Slope  .341 -.376 .328 .320 
       Variance of  Slope  .252 .171 .278 .280 
 (.033) (.055) (.052) (.052) 
 R
2
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estimated overall population mean for violent offending is -.031.  The random part of violent 
offending is given under the heading “variance at level 1” for variance of level 1 residuals and 
“variance and covariance of random effects” for variance of the random intercept.  Accordingly, 
the estimate of the between-subject variance is .365 and the estimate of within-subject variance 
is 1.001.  Based on these two numbers, the intraclass correlation is .266, which is calculated as: 
                                           Ρ=
 
   
 
        
                   
                                          (4.1) 
Where   and   represents level 2 variance and level 1 variance, respectively.  This number 
suggests that the proportion of total variance that occurs between neighborhoods is .266.  That is 
to say, about 27% of variance of violent offending can be explained by the variations in the 
characteristics of neighborhoods.   
In Model 1, the bivariate relationship between violent offending and race is examined.  
The reference group is white.  In this fitted model, Asians have lower probability scores for 
violent offending (b=-.073, p<.05).  Blacks (b=.251, p<.001) and Latinos (b=.128, p<.001) have 
higher probability scores for violent offending compared to whites.  The conditional intraclass 
correlation conditioned on race is .272.  The variance for level 1 residuals decrease by .01, which 
suggests race explains a very small portion of variance in violent offending.  In multilevel 
models, the coefficient of determination or R-squared is not reported automatically, however it 
can be computed by using the formula that is suggested by Rabe-Hesketh and Skrondal (2008):  
                                            R
2 
      (     )
     
                                                   (4.2)  
Where    and    denote the estimates of variance of level 1 residuals and variance for the 
intercept for the null model and   and   are the corresponding estimates for the model of 
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interest (model 1 here).  Applying equation (4.2), the R-squared
 
for model 1 is .012, which 
suggests race only explains 1.2% of variance in violence without any other covariates. 
 Sex, age, and immigration status are controlled and entered in Model 2.  The variance of 
level 1 residuals continues to decrease, which suggests these variables explain some of the level 
1 variance in violent offending.   Regarding the white-Asian gaps in violence, the coefficient 
drops out of significance once these demographic variables are controlled in the model.  That is 
to say, demographic background explains away the differences between these two groups.  The 
gaps for white-black (b=.240, p<.001) and white-Latino (b=.149, p<.001) remain significant, 
which suggest that demographic background has little impact on the gaps for these groups.   
Women are found to have lower probability scores in violent offending compared to men when 
holding all other variables constant (b=-.482, p<.001).  The relationship between age and violent 
offending is significantly negative (b=-.040, p<.001).  That is to say, for every one year increase 
in age, a .042 point decrease in the probability scores for violent offending can be expected when 
holding all other variables constant.  Immigration status is also significantly related to violent 
offending.  Both first generation immigrants (b=-.162, p<.001) and third or later generations (b=-
.100, p<.001) have lower probability scores in violent offending compared to second generation 
immigrants when holding all other variables constant.   In addition, applying formula (4.2), the 
R-squared for Model 2 is .066 or about 7%.   
 A social learning indicator represented by peer delinquency is added to Model 3.  It is 
positively related to violent offending (b=.336, p<.001).   That is to say, after controlling for 
respondents’ demographic background such as race, age, sex, and immigration status, for every 
one point increase in the factor score of peer delinquency, a .336 or 37% increase in the 
probability scores for violent offending can be expected.  The differences in violence between 
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white-black and white-Latino are still significant in this model.  The coefficients for sex and age 
are still statistically significant although their effects have attenuated.  However, the difference in 
offending between first and second generation immigrants becomes non-significant.  All the 
covariates included in Model 3 explain .103 or 10% of variance in violent offending.   The 
variance that is explained by peer delinquency can be obtained by using R-squared for model 3 
minus R-squared for model 2, which is approximately 4%.   Some researchers also suggest 
calculating the R-squared for different levels in multilevel models in order to determine the 
reduction in variance for each level.  For instance, Raudenbush and Bryke (2002) suggest 
calculating the proportional reeducation in variance components at different levels separately by 
using the following formula:  
                                      Level 2 R
2 
     
  
                                                     (4.3) 
                                      Level 1 R
2 
     
  
                                                      (4.4) 
Applying formulas (4.3) and (4.4), the proportion of level 2 variance explained by the covariates 
in Model 3 is .131 or 13%.  The proportion of level 1 variance explained is .153 or 15%.   
 Collective efficacy, which is an indicator of social disorganization theory and which 
reflects respondents’ perceptions about the level of integration and informal social control in the 
neighborhoods they live in, is included in Model 4.  Collective efficacy is significantly positively 
related to violent offending (b=.029, p<.01), which is in contrast with what the theory would 
predict.   However, this variable explains little of the variance in violent offending since both the 
level 1 and level 2 variances of residuals and intercept have changed little from model 3 to model 
4.   The overall R-squared for this model is .154 or 15%, which has not changed much compared 
to the R-squared in model 3.  Collective efficacy also has little impact on the gaps in violence 
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between each race since the coefficients for each comparison changed little compared to those in 
Model 3.    
 Anomie/strain indicators, including mother’s education, if parents ever received public 
assistance, and family structure, are accounted for in Model 5.  In this model, the difference in 
violence between whites and Asians remains statistically insignificant, yet the gaps between 
white-black (b=.269, p<.001) and white-Latino (b=.123, p<.01) stay significant.  That is to say, 
after accounting for respondents’ demographic background, association with delinquent peers, 
the integration level of the neighborhoods they live in (collective efficacy), and their family 
socioeconomic situation, the gaps in violence between whites and blacks or whites and Latinos 
are still persistent although their magnitudes have narrowed.  For instance, the size of gaps for 
black-Latino violence is decreased by about five percent after the inclusion of anomie/strain 
indicators.  In addition, after controlling for race and all other variables, mother’s educational 
level is found to have a significant impact on the probability of committing violence.  For 
instance, the probability scores of violence for respondents whose mothers have college degrees 
or higher are .256 points lower than those whose mothers have less than a high school education 
when all other covariates are controlled.  Respondents whose mothers have higher school 
education (b=-.159, p<.001) or some college (b=-.155, p<.001) also have lower probability of 
engaging in violence compared to those whose mothers did not finish high school, when all other 
variables are controlled.  Family economic situation also has an impact on violence when other 
variables such as parents’ education and family structure are accounted for.   For instance, 
respondents who reported their mothers received public assistance are .261 or 26% (p<.001) 
more likely to engage in violent offending compared to those whose mothers did not receive 
such assistance from the government.  However, the difference between respondents whose 
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fathers received assistance and those who did not receive assistance is not significant.  In 
addition, respondents who come from two-parent families have lower probability for violent 
offending compared to those from one parent families (b=.148, p<.001) and other living 
conditions
31
 (b=.086, p<.01).  The overall R-squared in this model is .226, which suggests that 
the anomie/strain explain about 23% of the total variance in violence.  The level 1 R-squared for 
this model is .259 or 26% whereas the level-2 R-squared is .132 or 13%. These numbers indicate 
that anomie/strain indicators explain both level 1 and level 2 variance, but they explain a larger 
portion of the level 1 variance.   
 Social bond indicators attachment to mother and father, attachment to school, and grades 
are modeled in Model 6.  In this model, only school attachment (b=-.12, p<.001) and grades (-
.108, p<.001) are significantly negatively related to violent offending when all other variables are 
held constant.  Other indicators of social bond theory such as mother’s attachment and father’s 
attachment are not statistically significantly related to violence.  Interestingly, after social bond 
indicators are controlled in this model, Asians are found to have significantly higher probability 
scores in violent offending than whites (b=.102, p<.005).  Compared to previous models, the sign 
for the Asian-white gap is reversed and the coefficient becomes significant and larger.  There are 
a couple of possible explanations for the sign change associated with the coefficient for the 
Asian-white gap.  For instance, the reversed sign of the coefficient and the increased level of 
significance could be due to multicollinearty among covariates (Rinott and Tam 2003).  However, 
model diagnostics on the correlation matrix and vif scores reveal no sign of multicolinearity in 
this model.  Therefore, it is possible that this is a situation named the “Lord’s Paradox” (Rinott 
and Tam 2003).  Yu-Kang, David, and Mark (2008) define “Lord’s Paradox” as the relationship 
between a continuous outcome and a categorical predictor being reversed when additional 
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 such as living with grandparents 
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continuous covariates are introduced to the analysis.  Given the reversed sign for the Asian-white 
gap, it is likely that this is a situation named “Lord’s Paradox” since Asians are found to have 
lower probability scores for violence before the inclusion of social bond indicators, but they have 
significantly higher probability scores for offending after social bond indicators are controlled 
for.  Nevertheless, this finding here suggests that social bond indicators are important predictors 
for the Asian-white gap.  To be more specific, Asians tend to be more attached to schools, be 
more involved in school activities, and have better grades compared to other races (see results in 
Table 1).  Therefore, their advantages in school attachment and educational achievement might 
largely account for their lower probability of engaging in violence compared to other groups.  
However, once this advantage in school is controlled for (that is to say, assigning every group the 
same average on school attachment and grades), Asians do not report less violent offending 
compared to other group such as whites.  Simply put, once the effect of race (Asian in this case) 
on violence is conditioned on social bond indicators such as school attachment and grades (in 
other words, holding them constant), Asians actually report more violent offending than whites.   
Moreover, the white-black (b=.217, p<.001) and white-Latino gaps (b=.120, p<.005) are still 
statistically significant when all other covariates are controlled for in Model 6, but the sizes of 
gaps have decreased.   After social bond indicators are controlled, the size of the black-white gap 
is decreased by about 16 percent whereas the size for the Latino-white gap is decreased by about 
seven percent.   Social bond indicators also account for about 3% of overall variance in violence 
since the overall R-square in model 6 is .260 or 26%.   Furthermore, the level 1 R-squared in this 
model is increased to .322 or 32% whereas the level 2 R-squared is .099 or 10%.  This is to say, 
social bond indicators mainly explain level 1 variance in violence since it accounts for at least 6% 
of its variance
32
.        
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 This number is obtained by using the level 1 R-squared in Model 6 (.322) minus the level 1 R-squared in Model 5 
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 Taken together, from Model 1 to Model 6, a couple of important findings are found.  First, 
results of random-intercept models on all individual level covariates suggest that the social bond 
indicators such as school attachment and grades are important predictors of Asian-white 
differences in violence. Asians might have advantages in school attachment and educational 
achievements which might account for their lower probability of committing violence compared 
to other races.  However, once these advantages are controlled for or held constant in the model, 
they report more violence compared to whites.  Second, white-black and white-Latinos gaps in 
violence are still persistent even after demographic background, association with delinquent 
peers, collective efficacy, family’s socio-economic status, and social bonds are controlled for.   
That is to say, even putting blacks and Latinos on the “same scale” (assigning the average to 
each covariate) in terms of these above-mentioned socioeconomic situations, they are still found 
to be more likely to report committing violence compared to whites.  It is possible that these 
covariates derived from different theories account for some of the gaps between these two groups, 
yet there are still other variables that are not included in my study that have more significant 
effects on the gaps in offending.  Third, among all the theories, anomie/strain indicators explain 
the largest overall variance in violence (about 10%), followed by social learning indicator (4%), 
social bond indicators (3%), and social disorganization indicators (less than 1%).  Anomie/strain 
indicators also explain the largest portion (about 10%) of level 1 variance in violence and social 
bond indicators account for the second largest portion (6%).  Finally, all these individual level 
variables mainly explain level 1 variance and they do not account for much of the level 2 
variance in violence. 
 In order to assess the effect of contextual covariates on violence, contextual level 
variables including concentrated disadvantage, proportion of Asian population, and residential 




mobility are modeled without any individual level covariates in Model 7.  Concentrated 
disadvantage is significantly positively related to violent offending (b=.058, p<.01).  That is to 
say, for every 1 point increase in the factor score of disadvantage, a .06 point increase in the 
probability of violent offending can be expected.  Residential mobility is also found to be 
positively related to violence (b=.069, p<.05).  These findings suggest that characteristics of a 
neighborhood such as disadvantage level and residential mobility have significant effects on 
individual’s probability of engaging in violence.  The overall R-squared for this model is .006 
or .6%.  The conditional intra-class correlation in this model is .315 or 32%, which is fairly large.   
That is to say, 32% of observed variation in the probability of violent offending can be attributed 
to variation in neighborhood-level characteristics such as the level of disadvantage and mobility.   
In Model 8, both individual and contextual covariates are accounted for.  Asians (b=.238, 
p<.01) and Blacks (b=.230, P<.001) still have higher probability scores in offending compared to 
whites when all individual and contextual level covariates are held constant.  However, the 
differences in violence between Latinos and whites drop out of significance.  That is to say, 
contextual effects such as concentration of disadvantages explain away the differences between 
these two groups.  Latinos report more violence because they are more structurally 
disadvantaged than whites, but once their disadvantages are held constant, they do not report 
more violence. In addition, in this model, peer delinquency is still positively significantly related 
to violence (b=.288, p<.001).  Respondents whose mothers have college degrees or higher have 
lower probability scores in offending compared to those whose mothers have less than a high 
school education (b=-.183, p<.05).  Adolescents who live in “other” family structure also have 
higher probability of offending compared to those who live with both parents (b=.119, p<.05).  
School attachment (b=-.097, p<.001) and grades (b=-129, p<.001) are still significantly 
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negatively related to violence when all other variables are controlled.  When individual level 
covariates are controlled, none of the contextual level covariates are significant anymore.  The 
overall R-squared for model 8 is .263, or 26%, which is only slightly larger than that of for 
Model 6 when only the individual level covariates are included.   
So far, all the previous models have all been random intercept models where the overall 
level of the response has been allowed to vary over different neighborhoods when controlling for 
all the covariates.  However, it is possible that the effects of some of the individual and 
contextual level covariates also vary across clusters.  For instance, the effect of concentrated 
disadvantage on violence might vary across neighborhoods.  Therefore, in order to assess the 
differential effects of covariates, random-coefficient models are fitted from Model 9 to Model 12.  
However, Rabe-Hesketh and Skrondal (2008) warned researchers to be extremely cautious when 
fitting random coefficient models since the number of parameters for the random part of the 
model increases dramatically with the number of random slopes.  This situation could cause 
problems for computations when there are not enough clusters and samples.  In addition, they 
suggested that it might not be sensible to fit a random slope without including the fixed slope.  If 
some covariates do not vary between clusters, it might not be a good idea to fit random 
coefficient models since they might not provide much information on the slope variance.  
Therefore, I only fit random coefficients models on the covariates that seem to vary across 
clusters and which are significant predictors for violence when adjusting other variables.  
Specifically, from Model 9 to Model 11, I fit different random coefficient models
33
 for social 
learning (peer delinquency), social bond indicators (school attachment and grades), and social 
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 I also tried to fit random coefficients for some of the indicators for anomie/strain theory, but they did not vary 




disorganization (concentrated disadvantage).  This allows both the random intercept and slope of 
these covariates to vary across different neighborhoods.    
In Model 9, I relaxed the model assumptions from Model 8 and allowed the slope of peer 
delinquency to vary across clusters when adjusting for all individual and contextual level 
covariates.  In this model, the population-mean intercept is similar to that in model 8 but slightly 
larger (b=2.00, p<.001).  The population-mean slope for peer delinquency is .263 and it is still 
significant (p<.001) when controlling for all other variables.  The estimated random-intercept 
variance is lower than that in the random intercept model (Model 8), which indicates a better fit 
when the neighborhood-specific regression line is estimated in the model.   Rabe-Hesketh and 
Skrondal (2008) suggest calculating the 95% interval for the random intercept and slope in 
random coefficient models since it might be somewhat difficult to interpret the random parts of 
the models directly.  This interval shows where the 95% of realization of these random variables 
is expected to lie, which provides researchers information on the degree of variation across 
clusters.  Specifically, for the random intercept in model 9, the 95% interval is between [.900, 
3.099], which is obtained by using 2.000+ 1.96*.561
34
.  That is to say, 95% of neighborhoods 
have their intercepts in the range from .900 to 3.900.  For the random slopes of peer delinquency, 
the 95% interval is between [-.721, 1.247], which is obtained by using .263+ 1.96*. 252
35
.  In 
other words, 95% of neighborhoods have slopes for peer delinquency between -.721 and 1.247.   
That is to say, the effects of peer delinquency on violence differ in different neighborhoods since 
the peer delinquency has a positive effect on individuals’ probabilities of offending in some 
places whereas it has a negative effect in some other places.  Simply put, in some neighborhoods, 
peer delinquency is positively associated with violence whereas such effect is reversed in some 
                                                 
34
 This number is the standard deviation of variance 1 at level 2.   
35
 The standard deviation of variance for the slope at level 2.  
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other neighborhoods.  Since the intervals for peer delinquency also contains zero, it suggests that 
peer delinquency might not have any effect on violence in some places.  The estimated 
correlation between random slope and random intercept is .341 in Model 9, which suggests that 
neighborhoods with higher mean violence levels for respondents with average levels of peer 
delinquency than other neighborhoods also tend to have steeper slopes than those other 
neighborhoods.  That is to say, the effect of peer delinquency on violence is stronger or larger in 
the neighborhoods where the mean for violence is higher (violence is more prevalent) compared 
to the places where individuals’ probabilities of offending are lower.   
In Model 10, I included random slopes for school attachment and grades when 
accounting for all other variables.  The population mean of intercept is 1.95 and it is significant 
(p<.001).  The population mean of slope for school attachment is -.132 (p<.001) and for grades is 
-.150 (p<.001).  These coefficients of slopes are slightly larger in this random coefficient model 
than those in the random intercept model in Model 8.   The 95% interval for random intercept is 
[.813, 3.091].  The 95% interval for the random slopes of school attachment is [-.944, .678].   
That is to say, the effects of school attachment on violence differ across neighborhoods.  In some 
places, school attachment has a negative effect on violence and it reduces the probability of 
violent offending for individuals, but this effect is not significant or even reversed in some other 
neighborhoods when all other conditions are held constant.  Ninety-five percent of random 
slopes for grades fall into the range of [-.962, .661].  School grades also seem to have differential 
effects on violence across neighborhoods.   School grades can reduce the probability of 
offending in some neighborhoods but such effect is not expected in other places.  The correlation 
between the random slope and intercept is - .376, which indicates that neighborhoods with higher 
means of violence for respondents with average level school attachment and grades than other 
100 
 
neighborhoods tend to have less steep slopes than those other neighborhoods.   In other words, 
the effect of school attachment and grades on violence might not be strong or as effective in 
neighborhoods where violence is higher, compared to neighborhoods where the overall level of 
violence (intercept) is lower.  
In Model 11, the random slope for concentrated disadvantage is modeled to see if the 
effect of characteristics of neighborhoods on violence varies across clusters.  In this model, fixed 
intercept (b=2.020, p<.001) and slope for disadvantage (b=.067, p<.05) are all significant.  The 
95% interval for the random intercept lies between [.840, 3.200].    Ninety-five percent of 
neighborhoods have slopes for disadvantage in the range from -.967 to 1.102.   That is to say, the 
effect of disadvantage on violence also varies across places.  The estimated correlation between 
random intercept and slope is .328, which suggests that neighborhoods with higher violence with 
the average level of disadvantage than other neighborhoods tend to have larger slopes than those 
other neighborhoods.  That suggests the effect of disadvantage on violence is stronger in places 
where the level of disadvantage and violence is higher.   
Finally, it is possible that individual level and contextual level covariates have an 
interactive effect on violence. This cross-level interaction is modeled in Model 12.  However, in 
this model, I only include interaction between race and disadvantage, since none of other 
contextual level variables are found to be significant in the previous models when all other 
covariates are adjusted for.   I created three dummy variables for the interactions: 
Asian*disadvantage, Black*disadvantage, and Latino*disadvantage.  In this model, Asians 
(b=.235, p<.05) and blacks (b=.185, p<.05) still have higher probability scores for violence.  
However, Latinos do not differ in violence than whites.  Disadvantage is still positively 
associated with violence (b=.094, p<.05).  Moreover, none of the cross-level interactions are 
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significant.  That is to say, the effect of disadvantage on violence does not interact with the 
individual level variable race.   
4.3 Summary    
Twelve different models were built in order to assess the change in the main effect of 
race on violent offending when adjusting for different sets of covariates.  Both random intercept 
(model 1 to model 8) and coefficient models (model 9 to model 12) were fitted in order to fully 
explore the effect of different sets of covariates on violence by using the “gllamm” procedure in 
STATA11.  A few important findings were revealed by this exploration.   
First, race is a significant predictor of violence and the disparity between white and other 
races on violence can be explained by different sets of covariates.  Regarding Asian-white 
difference in violence, the gap can be largely explained by differences in school attachment and 
grades.  Specifically, Asians have lower probability scores in violence compared to whites in 
Model 1 when no other covariates were controlled.  However, the Asian-white difference 
becomes insignificant once other covariates are added to the model until Model 6 when social 
bond indicators are included.  Interestingly, the sign for Asian-white gap was reversed and 
became significant once school attachment and grades were accounted for.  This phenomenon 
could possibly be the “Lord’s Paradox” (Rinott and Tam 2003).  It is possible that Asians might 
have lower probability scores in violence because of the protective effect of social bond 
indicators such as school attachment and grades since Asians in my study are found to be most 
attached to school and to have the highest grades (see Table 1).  However, once Asians’ 
advantages in school attachment and grades are controlled for (through Model 6 to 12), they are 
found to report more violence compared to whites.  These findings suggest that social bond 
indicators such as school attachment and grades can account for a large proportion of Asian-
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white difference, which are consistent with prior studies (Jang 1999a; Jang 2002; Le, Monfared, 
and Stockdale 2005a). 
Regarding black-white difference, none of the sets of covariates seem to explain away the 
disparity in violence between blacks and whites.  Blacks have higher probability scores in 
violence compared to whites throughout all 12 models and the black-white gap is significant in 
all these models, although the magnitudes of the gap is decreased by about 16 percent after all 
individual level covariates are controlled in the models.  It is possible that there are still other 
important covariates not included in my study that might explain away the difference between 
these two groups.  However, the different sets of covariates such as social learning, social 
disorganization, anomie/strain, and social bond cannot fully account for the gap in violence 
between whites and blacks.  Even after all these variables are held constant, blacks are still more 
likely to commit violence compared to whites.  
Regarding the Latino-white gap in violence, the contextual level covariates such as 
disadvantage seem to account for the difference in violence between Latinos and whites.  Overall, 
Latinos also have higher probability scores in violence compared to whites.  For instance, the 
Latino-white gap is persistent and significant when all individual level covariates are controlled 
for (from Model 1 to Model 6).  However, once the contextual level covariates are adjusted for in 
Model 8, 11 and 12, the difference between Latinos and whites becomes insignificant.  That is to 
say, Latinos might have higher probability scores on violence because they are more likely to 
live in disadvantaged neighborhoods featured by higher levels of poverty.  However, once the 
level of disadvantage is adjusted for, Latinos are no longer more likely to report violence 
compared to whites.  These findings are consistent with previous studies of Latino violence 
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(Martinez Jr 2003; Parker and Maggard 2005; Parker and McCall 1999; Peterson and Krivo 
2005a; Schieman 2005).   
Second, different theories explain different portions of the variance in violence.  From 
Model 3 to Model 6, social learning, social disorganization, anomie/strain, and social bond 
indicators were added to the model.  The overall level 1 and level 2 R-squares were calculated 
for each of these models.  Results show that anomie/strain theory explains the largest portion of 
overall variance in violence in these models, followed by social learning theory, social bond 
theory, and social disorganization theory.  Anomie/strain theory and social bond theory also 
explain the largest portion of level 1 variance in violence.  However, I advise the reader to be 
extremely cautious when comparing the reduction in the proportion of variance in violence.  The 
reason is that, based on the availability within the dataset for my study, I was unable to construct 
some important measurements for some theories such as social learning theory.  Results might be 
different if I was able to include different sets of covariates.  In addition, some important 
predictors of violence based on these theories have also been identified in my study.  For 
instance, in the full models (Model 8-Model 12), peer delinquency is significantly positively 
related to violence.  Respondents whose mothers have a college degree or higher are found to 
commit less violence than those whose mothers have less than a high school education.  School 
attachment and grades are also significantly negative related to violence when adjusting for all 
other covariates.  Disadvantage also has a positive effect on violence when all other variables are 
held constant.    
Third, some covariates, including peer delinquency, school attachment, grades, and 
disadvantage, have differential effects on violence across neighborhoods.  From Model 9 to 
Model 11, I allowed the slope of these variables to vary across clusters.  Results of these models 
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show that the effects of these variables on violence differ in different neighborhoods.  For 
instance, in some neighborhoods, these covariates have positive slopes, but the slopes are 
negative or flat in some other places.  For example, the effect of peer delinquency on violence is 
stronger in places where the mean of violence is higher.  However, the effects of school 
attachment and grades on violence are weaker in these places.  The concentration of 
disadvantage also has stronger effect on violence in these neighborhoods where the mean scores 
for violence are higher.    
Finally, according to Model 12, the cross-level interaction between race (Asian, black, 
and Latino) and disadvantage was found to not be significant when all other covariates were 
controlled for.  The individual level variables did not interact with contextual level variables 












CHAPTER V: MULTILEVEL ANALYSIS OF PROPERTY OFFENDING 
5.1 Multilevel Linear Model for Property Offending 
 Results of multilevel analysis of the probability scores for property offending are 
presented in this chapter.  The probability scores for property offending are obtained by using a 
graded response model for responses to seven questions asking if respondents have ever painted 
graffiti or signs on others’ property or in public places, damaged others’ property, stolen 
something worth more than $50, stolen something worth less than $50, broken into a house or 
building to steal something, driven a car without permission, or taken something from a store 
without paying for it.  The primary explanatory variable of interest for property offending is race 
with the possible values being non-Latino white (reference group), non-Latino Asian, non-Latino 
black, and Latino.  In order to model the change in the main effect of race on property offending 
when adjusting for different sets of individual level and contextual level covariates, which are 
drawn from social learning, social disorganization, anomie/strain, and social bond theory, a 
model building process similar to that used in Chapter IV is employed.   
  Specifically, ten models are built to explore property offending.  First, in the null model, I 
model property offending without any explanatory variables in order to obtain the random 
intercept (means as outcome) and the unconditional intra-class correlation.  Second, I add 
different sets of individual variables into the models sequentially in the following order: race 
(Model 1), demographic background including sex, age, and immigration status (Model 2), social 
learning indicator (Model 3), social disorganization indicator (Model 4), anomie/strain indicators 
(Model 5), and social bond indicators (Model 6).  Third, I analyze the effect of contextual level 
variables on property offending in Model 7.   Fourth, I model all the individual level covariates 
and contextual covariates in Model 8.  Finally, between Model 9 and Model 10, I allow the 
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slopes of the social learning indicator (peer delinquency) and social bond indicators (attachment 
to mother, father, and school) to vary.  However, the random coefficient model for the 
concentrated disadvantage that was used for violent offending in Chapter IV is not used here 
since disadvantage is not a significant predictor for property offending.  In addition, the random 
coefficient model for cross-level interaction is also not constructed here since none of the 
contextual covariates and their interactions with race are found to be significantly related to 
property offending.  For this reason, it might not be sensible to allow the slopes of these 
variables to vary across clusters.  All statistical analysis was conducted by using the gllamm 
procedure in STATA 11.    
Findings from these ten models are reported and summarized in the rest of this chapter.  
Overall, level 1, and level 2 R-squared values as well as the conditional and unconditional 
intraclass correlation are also calculated for these models to determine the proportion of variance 
in property offending that is explained by different explanatory variables. 
5.2 Results of Multilevel Analysis    
 Table 4 displays the results of the ten models for property offending.  In the null model, 
results of the variance component model for property offending are obtained.  The coefficient for 
the fixed part is small (b=.000).  That is to say, the average of the overall population score for 
property offending is around zero.   Based on the variances of level 1 residuals and the random 
intercept for the random part of the model, the unconditional intraclass correlation can be 
obtained by applying equation (4.1) mentioned in chapter 4.   In this model, the intraclass 
correlation for property offending is .361.  That is to say, 36% of the variance in property 
offending is between neighborhoods.  
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Table 4: Multilevel Analysis of Property Offending (Robust Standard Errors in Parentheses) 
 
 
(Null)    (1) 
 
   (2) 
 
   (3) 
 
  (4) 
 
  (5) 
 
(6) (7) (8) 
                      Fixed Part          
Individual-Level Variables (Level 1)          
_cons  .000         
 (.019)         
Race/Ethnicity (ref. Non-Latino White)          
        Non-Latino Asian   .036 .069* .149*** .144*** .191*** .126*   .057 
 
 (.031) (.035) (.038) (.038) (.047) (.052)  (.081) 
        Non-Latino Black  -.104*** -.114*** -.023 -.021 .017 -.014  -.079 
 
 ( .026) (.026) (.028) (.027) (.030) (.038)  (.050) 
       Latino   .045 .062 .093** .092** .053  .105   .091 
 
 (.035) (.038) (.034) (.034) (.043) (.058)  (.067) 
Female  
 




(.018) (.018) (.018) (.024) (.026)  (.039) 
Age  
 




(.007) (.007) (.007) (.006) (.008)  (.011) 
Immigrant Status (ref: Second Generation)  
 
       
       First Generation   -.142***  .002 -.002  .035 .052  .090 
       (.043) (.045) (.045) (.051) (.050)  (.084) 
       Third or Later Generation   -.081*** -.055** -.056**  -.030 .024   .030 
   (.022) (.019) (.019) (.024) (.028)  (.037) 
Social Learning          
      Peer Delinquency  
  




(.012) (.012) (.014) (.018)  (.022) 
Social Disorganization  
     
   
     Collective Efficacy  
   
-.015* -.019 .004   .030 
     (.008) (.010) (.013)  (.020) 
Anomie/Strain          
     Mother's Educational Level 
a          
               High School  
    
-.021 -.015  .037 
 
 
    
(.031) (.037)  (.055) 
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               Some College  
    
-.013 .011  .140* 
 
 
    
(.037) (.042)  (.063) 
               College or Higher  
    
.005 .050  .129* 
 
 
    
(.036) (.045)  (.056) 
          
       Mother Received Public Assistance  
    
-.004 .069  .114 
 
 
    
(.060) (.082)  (.122) 
       Father Received Public Assistance  
    
.126* -.176  -.164 
 
 
    
(.068) (.090)  (.124) 
       Family Structure (ref. Two Parent family)          
              One Parent Family  
    
.015 .048  .065 
 
 
    
(.047) (.042)  (.085) 
              Other Living Situation  
    
.069* -.024  .065 
 
 
    
(.034) (.055)  (.052) 
Social Bond          
       Attachment to Mother  
     
-.090***  -.097*** 
 
 
     
(.014)  (.024) 
       Attachment to Father  
     
-.064***  -.077*** 
 
 
     
(.014)  (.025) 
       Attachment to School  
     
-.068***  -.069*** 
 
 
     
(.015)  (.027) 
       Grades  
     
-.043**  -.027 
 
 







Contextual Level Variables (Level 2)          
      Concentrated Disadvantage        -.002 .003 
        (.017) (.026) 
      Proportion of Asian Population        -.006 .000 
        (.011) (.013) 
























         













                 Random Part          
Variance at level 1 (within-group)  .793 .791 .772 .684 .684 .637 .593 .770 .525 
 (.015) (.015) (.015) (.013) (.013) (.013) (.014) (.022) (.017) 
Variances and  covariances of random effects at Level 2          
        Variance of Intercept  .447 .443 .424 .370 .369 .370 .357 .477 .396 
 (.029) (.029) (.027) (.022) (.022) (.023) (.023) (.036) (.031) 
       Covariance of Intercept  and Slope          
          
       Correlation of Intercept and Slope           
       Variance of  Slope           
          
 R
2
  .005 .035 .150  .151 .188 .233   .257 
* p<0.05** p<0.01*** p<0.001;
 a










                      Fixed Part   
Individual-Level Variables (Level 1)   
   
Race/Ethnicity (ref. Non-Latino White)   
        Non-Latino Asian .135 .118 
 
(.074) (.074) 
        Non-Latino Black -.091 -.054 
 
(.052) (.052) 
       Latino .110 .075 
 
(.065) (.071) 
Female -.201*** -.249*** 
 
(.041) (.036) 
Age -.070*** -.078*** 
 
(.011) (.011) 
Immigrant Status (ref: Second Generation)   
       First Generation .000 .110 
     (.078) (.084) 
       Third or Later Generation .010 .015 
 (.039) (.041) 
Social Learning   
      Peer Delinquency .334*** .343*** 
 
(.039) (.026) 
Social Disorganization   
     Collective Efficacy .023  .011 
 (.021) (.022) 
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Anomie/Strain   
     Mother's Educational Level 
a 
  
               High School -.005 .004 
 
(.056) (.054) 
               Some College .077 .138* 
 
(.065) (.067) 
               College or Higher .047 .067 
 
(.060) (.058) 
Table 1. (Continued)   
       Mother Received Public Assistance .111 .166 
 
(.118) (.119) 
       Father Received Public Assistance -.254* -.189 
 
(.128) (.106) 
       Family Structure (ref. Two Parent family)   
              One Parent Family .058 .047 
 
(.091) (.098) 
              Other Living Situation .073 .055 
 
(.055) (.051) 
Social Bond   
       Attachment to Mother -.104*** -.070* 
 
(.026) (.041) 
       Attachment to Father -.075** -.061* 
 
(..027) (.026) 
       Attachment to School -.064** -.064* 
 
(.021) (.025) 








     
Contextual Level Variables (Level 2)   














      Proportion of Asian Population -.003 -.000 
 (.014) (.015) 

























                     
                 Random Part   
Variance at level 1 (within-group) .440 .428 
 (.020) (.020) 
Variances and  covariances of random effects at Level 2   
        Variance of Intercept  .359 .354 
 (.037) (.034) 
       Covariance of Intercept  and Slope .165 -.035 
 (.054) (.014) 
       Correlation of Intercept and Slope  .422 -.243 
       Variance of  Slope  .425 .060 
 (.078) (.028) 
 R
2
   
* p<0.05** p<0.01*** p<0.001 
 a
 reference group is “Less than High School”   
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 In Model 1, the bivariate relationship between property offending and race (the reference 
group is white) is assessed.   In this fitted model, blacks report significantly less property 
offending than whites (b=-.104, p<.001).  The difference between whites and Asians as well as 
the gap between whites and Latinos are not significant.  The conditional intraclass correlation 
conditioned on race is .359.  That is to say, after conditioning on race, 36% of the variance can 
be explained by the variations between neighborhoods.   The overall R-squared, level 1 and level 
2 R-squared can be obtained by applying equation (4.2), (4.3) and (4.4) described in chapter 4.  
The overall R-squared for this model is .005, which suggests race explains very little of the 
variance in property offending.  The level 1 R-squared is .002 and the level 2 R-squared is .008.   
 In Model 2, sex, age, and immigration status are adjusted for.  The differences between 
blacks and whites are still significant (b=-.114, p<.001) whereas the gaps between Latinos and 
whites are still not significant.  However, after adolescents’ demographic background is 
controlled for, the difference between Asians and whites becomes significant (b=.069, p<.05).  
Lo and his colleagues (1995) suggested four possible reasons for the situation in which a variable 
is not significant in univariate analysis but becomes significant in multivariate analysis. They 
argued that this situation could be due to: (1) an imbalanced sample size, (2) the effect of missing 
data, (3) an extremely large within-group variation in relation to between-group variation, or (4) 
the presence of interaction terms.  Additional analysis shows that the variable Asian interacts 
with the variable first generation immigrant and third generation immigrant
36
, therefore, the 
change in the significance level for the difference between Asians and whites could due to the 
possible interaction effect.  Moreover, controlling for all other variables, the probability scores 
for property offending for females are .277 points lower than those for males (p<.001).  Age is 
                                                 
36
 In my data, 57 percent of Asians identify themselves as first generation immigrants, 34 percent identify as second 
generation, and about eight percent report themselves as third generation immigrants.  
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also found to be negatively related with property offending (b=-.018, p<.05).  For every one year 
increase in age, a .018 point or 1.8% decrease in the probability scores for property offending 
can be expected after adjusting for all other covariates.  In addition, in this model, first 
generation immigrants (b=-.142, p<.001) and third generation immigrants (b=-.081, p<.001) 
report significantly less property offending than second generation immigrants when holding all 
other variables constant.   The overall R-squared for Model 2 is .035 or about 4%.   That is to say, 
all the demographic variables explain about 4% variance in property offending.  
 The social learning indicator represented by peer delinquency is adjusted for in Model 3.  
This variable is significantly positively related to property offending (b=.332, p<.001) when 
holding all other variables constant.  That is to say, for every one point increase in the factor 
scores of peer delinquency, a.332 point or 33% increase in the probability scores for property 
offending can be expected.   In this fitted model, peer delinquency also seems to suppress the 
effect of race on property offending.   For instance, once peer delinquency is included in the 
model, the gap in property offending between Latinos and whites becomes significant (b=.093, 
p<.01).  MacKinnon and his colleagues (2000) explained that suppression occurs in a situation 
when the magnitude of the relationship between an explanatory variable and outcome variable 
becomes larger or more significant when a third variable is included in the model.  Therefore, it 
is possible that peer delinquency suppresses the differences in property offending between 
Latinos and whites.  In addition, the magnitude and significance level of the coefficient for 
Asians are also increased (b=.149, p<.001), which suggests the possible presence of suppression 
that is introduced by the inclusion of peer delinquency.  However, the difference between blacks 
and whites becomes insignificant.  Blacks do not report less property offending than whites once 
this variable is held constant.  That is to say, peer delinquency explains away the difference in 
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property offending between these two groups.  Moreover, in Model 3, the difference in property 
offending between second and third generation immigrants is still significant (b=-.055, p<.01), 
yet the gap between first and second generation immigrants drops out of significance.  The 
overall R-squared for this model is .150 and that indicates peer delinquency explains 11%
37
 of 
variance in property offending.  The level 1 and Level 2 R-squared values are .137 and .172, 
respectively.  These numbers suggest that peer delinquency explains both level 1 and level 2 
variances in property offending, but it explains a slightly larger portion of variance in the latter 
(it explains 11.7% for level 1 variance and 12.2% for level 2 variance).  
  Social disorganization indicator represented by collective efficacy is controlled and 
added to Model 4.  It is significantly negatively related to property offending (b=-.015, p<.05).  
That is to say, collective efficacy, which is an indicator that reflects respondents’ perceptions 
about the level of integration and informal social control in the neighborhoods they live in, 
reduces the probability for property offending when adjusting for all other covariates.  The 
inclusion of the social disorganization indicator has little effect on the relationship between race 
and property offending since the magnitude and direction of the coefficient for each race changes 
little in this model compared to those in Model 3.   The overall, level 1, and level 2 R-squared 
values in this model are .151, .138, .175, respectively.  These numbers suggest that collective 
efficacy explains very little of the variance in property offending.  
  Model 5 accounts for the anomie/strain indicators, including mother’s education, if 
parents ever received public assistance, and family structure.  Among all these variables, only 
respondent father’s poverty status and family structure appear to be significant predictors for 
property offending.  Respondents whose father did not receive public assistance from the 
government (reference group) have lower probability scores in property offending compared to 
                                                 
37
 This number is obtained by using the R-squared in Model 3 minus the R-squared in Model 2.   
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those whose fathers received such assistance (b=.126, p<.05).   Respondents who come from 
two-parent families (reference group) have lower probability for property offending compared to 
those from other living conditions (b=. 069, p<.05).  Respondent mother’s education level is not 
significantly related to property offending after adjusting for all other covariates in the model.  In 
addition, in this model, after adjusting for socioeconomic status and family structure of 
respondents, the difference between whites and Latinos becomes insignificant.  That is to say, 
anomie/strain indicators explain away the difference between whites and Latinos.  Latinos do not 
report more property offending than whites if they share a similar socioeconomic status to whites.  
The overall R-squared for Model 5 is .188, meaning all the anomie/strain indicators explain 
about 4% of variance in property offending.  The level 1 and level 2 R-squared values are .196 
and .173, respectively.  These numbers indicate that anomie/strain indicators explain more of 
level 1 variance than level 2 variance for property offending.   
 In Model 6, social bond indicators including attachment to mother, attachment to father, 
attachment to school, and grades are analyzed.  In this model, all these social bond indicators 
have significantly negatively effect on property offending.  For instance, for every one point 
increase in the factor score for attachment to either mother or father, a .09 point or .06 point 
decrease in the probability scores for property offending can be expected, respectively, when 
holding all other variables constant.  Respondents who report to be more attached to school 
(b=.068, p<.001) and have higher grades (b=-.043, p<.01) also have lower probability for 
property offending.  However, social bond indicators cannot fully account for the difference 
between whites and other race such as Asians since the direction and significance level of the 
coefficients for each race do not change dramatically compared to those in Model 5.  The overall 
R-squared for this model is .233, which suggests that social bond indicators explain about 5% of 
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the variance in property offending.   In addition, the level 1 R-squared for Model 6 is .253 and 
the level 2 R-squared is .201.   
 The contextual level covariates such as concentrated disadvantage, proportion of Asian 
population, and residential mobility are adjusted for in Model 7.  However, none of these 
variables are found to be significant predictors for property offending.  These contextual 
variables also explain little of the variance in property offending.   
 In Model 8, both individual level and contextual level covariates are included.  Once all 
these covariates are controlled, the difference between whites and Asians becomes non-
significant. To be more specific, once the characteristics of their neighborhood are adjusted, 
Asians do not report more property offending than whites.  The differences between white-black 
and white-Latino are still not significant in this model.  In addition, peer delinquency is 
positively related to property offending (b=.344, p<.001) once all other individual and contextual 
level covariates are held constant.  Attachment to mother (b=-.097, p<.001), father (b=-.077, 
p<.001), and school (b=.069, p<.001) are still significantly negatively related to property 
offending.   Interestingly, respondents whose mothers have some college (b=.140, p<.05) and 
college degrees or higher (b=.129, p<.05) report more property offending than respondents 
whose mothers have less than a high school education once adjusting for both level 1 and level 2 
covariates.  These findings are in contrast with what anomie/strain theory would predict.  The 
overall R-squared for this model is .257.  The level 1 and Level 2 R-squared values are .338 
and .114, respectively.  These numbers suggest that individual level covariates explain most of 
the variation in property offending.  The conditional intraclass correlation for Model 8 is .430, 
which suggests after conditioning on all level 1 and level 2 covariates, about 43% of variation in 
property offending is between neighborhoods.   
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 So far I only allowed the intercepts of covariates to vary across clusters in all previous 
models.  In order to assess if some of these covariates have differential effect on property 
offending across different neighborhoods, I introduced random slopes models in Model 9 and 
Model 10.  Following the advice of Rabe-Hesketh and Skrondal (2008), I only allowed the slope 
of covariates that are still significant predictors even after adjusting for all other variables to vary.  
Specifically, I allowed the slope of peer delinquency (the social learning indicator) to vary in 
Model 9 and the slopes of attachment to mother, father, and school (the social bond indicators) to 
vary in Model 10.  Since none of the contextual level variables had significant impact on 
property offending
38
, the cross-level model is not fitted for property offending in this chapter. 
 In Model 9, I relax the model assumptions for Model 8 and allow the slope of peer 
delinquency to vary across neighborhoods when accounting for all level 1 and level 2 covariates.  
The population-mean intercept is slightly larger (b=1.19, p<.001) than the one in Model 8.  The 
population-mean slope for peer delinquency (b=.334, p<.001) is somewhat smaller than that in 
Model 8.  The relationship between race and property offending in this random coefficient model 
is very similar to that of the random intercept model (Model 8).  However, Model 9 fits much 
better than Model 8 based on fit statistics such as likelihood test, AIC, and BIC
39
.  The larger 
reduction in level 1 variance also confirms the better fit of this random coefficient model.  In 
order to interpret the random parts for Model 9, 95% intervals for the random intercept and slope 
are calculated.   Specifically, the 95% interval for the random intercepts is obtained by using 
1.19±1.96 times the square root of .359, which is between .015 and 2.364.
 40
  That is to say, 95% 
of neighborhoods have their intercepts (population mean) in the range from .015 to 2.364 for 
property offending.  For the random slopes of peer delinquency, the 95% interval is [-.943, 
                                                 
38
 Additional analysis showed that interactions between these contextual variables and race are also not significant. 
39
 AIC and BIC are much smaller in Model 9 compared to those in Model 8.   
40
 The number, .359,  is the variance for the random intercept at level 2. 
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1.612], which is obtained by using .334±1.96 times the square root of .425.  This interval 
suggests that 95% of neighborhoods have slopes for peer delinquency between -.943 and 1.612.  
That suggests peer delinquency has differential effect on property offending for different 
neighborhoods since its effect is positive in some places whereas it is negative in other places.  
Since this interval also contains zero, this suggests that peer delinquency might not have any 
effect on property offending in some places. Furthermore, the estimated correlation between 
random slope and random intercept is .422 in this model.  This number suggests that 
neighborhoods with higher mean scores on property offending for respondents with average level 
of peer delinquency than other neighborhoods also tend to have steeper slopes than those other 
neighborhoods.  In other words, the effect of peer delinquency is stronger or larger in the 
neighborhoods where the overall mean for property offending (intercept) is higher (property 
offending is more prevalent) compared to the places where overall mean for property offending 
is lower.  It is also worth noting that none of the anomie/strain indicators, such as mother’s 
education, that are found significant in Model 8, are significant in Model 9.   
 In Model 10, I include random slopes for attachment to mother, father, and school when 
adjusting for all other covariates.  The population-mean intercept is .130 and it is statistically 
significant (p<.001).  The population-mean slopes for attachment to mother, father, and school 
are -.070, -.061, and -.064, respectively, and they are all statistically significant (p<.05).  The 95% 
interval for random intercept is [.132, 2.467].  The 95% interval for the random slopes of 
attachment to mother is [-.551, .409].  The 95% interval for the random slopes of attachment to 
father is [-.541, .419].  The 95% interval for the random slopes of attachment to school is  
[-.545, .415].  These intervals suggest that the effects of attachment to mother, father, and school 
also differ in different neighborhoods.   To be more specific, in some neighborhoods, as 
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individuals report more attachment to their parents and school, their probabilities for committing 
property offending become lower.  However, such relationships are reversed or not found in 
other neighborhoods.  The estimated correlation between random slope and intercept is -.243, 
which indicates that neighborhoods with higher means of property offending for respondents 
with average level of attachment to parents and school than other neighborhoods tend to have 
more flat slopes than those other neighborhoods.   
5.3 Summary 
 Ten models were introduced in this chapter in order to model the change in the main 
effect of race on property offending when accounting for both level 1 and level 2 covariates. 
Between Model 1 and Model 8, random intercept models with different sets of covariates were 
fitted.  In Model 9 and Model 10, random slopes for social learning and social bond indicators 
were added.  All these multilevel models were conducted in STATA 11 by using a generalized 
linear latent and mixed models approach after adjusting for scaled level 1 and level 2 weights.  
All the parameter estimations are robust based on sandwich estimators in order to adjust for the 
design effect.  A few important findings were identified in this exploration. 
 The first observation is that significant differences are found between whites and all other 
races in probability scores for property offending and these gaps are accounted for by different 
covariates.  Regarding the Asian-white gap, Asians do not have significantly higher probability 
scores for property offending than whites when only the bivariate relationship between race and 
offending is modeled.  However, Asians report more property offending than whites once their 
demographic background such as immigration status and association with delinquent peers are 
controlled for.  Additional analysis shows the increase in the magnitude and significance level of 
the difference between Asians and Whites might be due to the interactive effects of the Asian 
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and immigration status variables and the suppressor effect of peer delinquency.  However, the 
Asian-white gap becomes non-significant once contextual level variables are adjusted for.  These 
findings suggest that Asian property offending might be lower because it is possible that Asians 
are less likely to be associated with delinquent peers and more likely to be immigrants
41
.  
However, once they are to be put on the “same scale” as whites, they are more likely to report to 
engage in property offending.  This gap is closed once again when we consider that whites might 
be more likely to live in more advantaged neighborhoods than Asians, so once the characteristics 
of the neighborhood is conditioned on in the model, Asians once again do not report more 
property offending than whites.   
Regarding the black-white gap in property offending, blacks report significantly less 
property offending than whites when only the bivariate relationship between race and offending 
is examined.  However, once peer delinquency is controlled in the model, the difference between 
blacks and whites is not significant any of the later models.  This finding suggests that blacks 
might have lower probability scores in property offending because they are less likely to 
associate with delinquent peers, but once this variable is held constant for both groups, the gap 
between them diminishes.  Nevertheless, it is highly likely that some other covariates might also 
play important roles in shaping the gap between blacks and whites, but it is peer delinquency that 
accounts for much of the gap between these two groups.   
For the difference between Latinos and whites, Latinos do not have higher probability 
scores for property offending compared to whites when no other covariates are controlled for.  
However, the gap between these two groups becomes significant once peer delinquency is 
introduced in the model, with Latinos reporting more property offending.  This situation could 
possibly be due to the presence of a suppression effect that is introduced in the model by 
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 See descriptive statistics reported in Table 1.  
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including peer delinquency.  However, Latinos do not report significantly higher property 
offending than whites once anomie/strain indicators are adjusted.  In other words, respondents’ 
family poverty status and family structure explain away the difference in property offending 
between Latinos and whites.  These findings suggest that, on one hand, Latinos might be less 
likely to associate with delinquent peers
42
, but once this quality is adjusted, they report more 
property offending than whites.  On the other hand, Latinos do not share the same advantages in 
terms of socioeconomic status compared to whites.  If they share similar levels of advantages to 
whites, they do not report more property offending.   
The second observation is that different theories explain different portions of the variance 
in property offending.  Different sets of covariates for these theories were modeled between 
Model 3 and Model 8.  Overall, level 1, and level 2 R-squared values were obtained for each of 
these models.  Results show that social learning theory explains the largest portion of variance in 
property offending (about 11%), followed by social bond theory (about 5%), anomie/strain 
theory (about 4%), and social disorganization theory (less than 1%).  Social learning theory also 
explains the largest portion in the level 1 and level 2 variances for property offending.  In 
addition, contextual level indicators, which are also drawn from social disorganization theory, 
explain little of the variance in property offending.   
The final observation is that some covariates, including peer delinquency, attachment to 
mother, attachment to father, and attachment to school have differential effects on property 
offending across neighborhoods.  In Model 9 and Model 10, random coefficient models for these 
covariates were constructed.  Results of these models show that these variables have the 
expected effects on property offending in some neighborhoods, but these effects are reversed or 
not significant in some other neighborhoods.  For instance, association with delinquent peers will 
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 See Table 1. 
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increase the probability for property offending in some places, but not other places.   
Furthermore, findings from these models show that the effect of peer delinquency is stronger 
(meaning the slope is steeper) in places where the mean for property offending is higher than 
those places where the mean for property offending is lower.  However, the effect of attachments 
to parents and school is stronger (meaning the slopes of these indicators are steeper) in 
neighborhoods where the mean for property offending is lower compared to the neighborhoods 



















CHAPTER VI: MULTILEVEL ANALYSIS OF DRUG OFFENDING 
6.1 Multilevel Linear Model for Drug Offending 
 In this chapter, results of multilevel analysis of the probability scores for drug offending 
are presented.  The probability scores for drug offending are obtained by using a graded response 
model for responses to four questions regarding respondents’ use of cocaine, inhalants, 
marijuana, and any other types of illegal drugs, including LSD, PCP, mushrooms, heroin, and so 
on.  In my study, race is the primary explanatory variable of interest with non-Latino white used 
as the reference group.  Model building is used in order to examine the change in the main effect 
of race on drug offending when adjusting for different sets of covariates.          
 Ten models are constructed to explore drug offending when adjusting for different sets of 
individual and contextual level variables.  First, probability scores for drug offending are 
modeled without any other covariates in the null model.  Second, different sets of individual 
level covariates are added to the models sequentially in the following order: race (Model 1), 
demographic characteristics of sex, age, and immigration status (Model 2), a social learning 
indicator, which is represented by peer delinquency (Model 3), a social disorganization indicator 
of collective efficacy (Model 4), anomie/strain indicators including mother’s educational level, if 
mother or father ever received public assistance, and family structure (Model 5), and social bond 
indicators, which are attachment to mother, attachment to father, attachment to school, and 
grades (Model 6).  Third, contextual level variables including concentrated disadvantage, 
proportion of Asian population, and residential mobility are accounted for in Model 7.   In Model 
8, all individual level and contextual level models are modeled simultaneously.  Finally, random 
coefficient models in which the slopes of the social learning indicator and social bond indicators 
are allowed to vary across clusters are used in Model 9 and Model 10.  It is worth mentioning 
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that the random coefficient model for the contextual level covariates and the cross-level model 
are not constructed for drug offending in this chapter since none of contextual variables seem to 
be significant predictors for drug offending.   
Findings from these ten models are reported and summarized in the rest of this chapter.  
Overall, level 1, and level 2 R-squared values as well as the conditional and unconditional 
intraclass correlation are also calculated for these models to determine the proportion of variance 
in drug offending that is explained by different predictors. 
6.2 Results of Multilevel Analysis 
 Results of multilevel analysis for drug offending are presented in Table 5.  In the null 
model, the average of the overall population probability scores for drug offending is .005.  This 
number suggests that the mean score for drug offending for the overall population is around zero, 
which is to be expected because most respondents in my study were between 12-19 years old, an 
age group where drug use might not be prevalent.  Some studies show that the apparent peak age  
in the use of illicit drugs is around 18-22 years old (Kandel and Logan 1984; Robins and 
Przybeck 1985).  The variance for level 1 residuals is .781 and the variance for the level 2 
random intercept is .314. Based on these two numbers, the unconditional intraclass correlation 
for drug offending is .286.  That is to say, about 27% of the variance in drug offending is 
between neighborhoods.   
 The bivariate relationship between race and drug offending is examined in Model 1.  
Asians (b=-.179, p<.001) and blacks (b=-.128, p<.001) report significantly less drug offending 
than whites.  The difference between Latinos and whites is not significant.  After conditioning on 
race, the intraclass correlation changes little (r=.285).  The overall, level 1, and level 2 R-squared 
values for this model are .007, .004, and .012, respectively. Similar to the findings for the models 
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Table 5: Multilevel Analysis of Drug Offending (Robust Standard Errors in Parentheses) 
 
 
(Null)    (1) 
 
   (2) 
 
   (3) 
 
  (4) 
 
  (5) 
 
(6) (7) (8) 
                      Fixed Part          
Individual-Level Variables (Level 1)          
_cons  .005         
 (.017)         
Race/Ethnicity (ref. Non-Latino White)          
        Non-Latino Asian  -.179*** -.113***  .007  .001  .030  .045  -.022 
 
 (.031) (.035) (.032) (.032) (.035) (.034)  (.067) 
        Non-Latino Black  -.128*** -.139*** -.000  .001  .008 -.030  -.138*** 
 
 (.025) (.024) (.019) (.019) (.026) (.030)  (.037) 
       Latino   -.051 -.022  .017  .016 -.009 -.029  -.097 
 
 (.031) (.033) (.030) (.030) (.039) (.047)  (.050) 
Female  
 




(.018) (.016) (.016) (.020) (.019)  (.030) 
Age  
 




(.004) (.004) (.004) (.006) (.007)  (.010) 
Immigrant Status (ref: Second Generation)  
 
       
       First Generation   -.280*** -.059* -.065*  .006 -.017   .030 
       (.031) (.028) (.028) (.030) (.035)  (.068) 
       Third or Later Generation   -.067*** -.018 -.018  .057*  .040  -.005 
   (.020) (.017) (.017) (.025) (.026)  (.052) 
Social Learning          
      Peer Delinquency  
  




(.012) (.012) (.016) (.019)  (.030) 
Social Disorganization  
     
   
     Collective Efficacy  
   
-.017* -.017  .003   .000 
     (.007) (.011) (.013)  (.019) 
Anomie/Strain          
     Mother's Educational Level 
a          
               High School  
    
-.010  .022   .051 
 
 
    
(.031) (.037)  (.053) 
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               Some College  
    
 .006  .023  .127* 
 
 
    
(.039) (.047)  (.064) 
               College or Higher  
    
-.015  .045   .060 
 
 
    
(.033) (.036)  (.050) 
          
       Mother Received Public Assistance  
    
-.065 -.032  -.075 
 
 
    
(.062) (.077)  (.104) 
       Father Received Public Assistance  
    
 .068  .101  -.042 
 
 
    
(.096) (.111)  (.107) 
       Family Structure (ref. Two Parent family)          
              One Parent Family  
    
 .022  .019   .099 
 
 
    
(.032) (.035)  (.078) 
              Other Living Situation  
    
 .081**  .044   .077* 
 
 
    
(.028) (.026)  (.037) 
Social Bond          
       Attachment to Mother  
     
-.044**  -.077*** 
 
 
     
(.015)  (.026) 
       Attachment to Father  
     
-.021   .014 
 
 
     
(.014)  (.025) 
       Attachment to School  
     
-.040***  -.046* 
 
 
     
(.011)  (.020) 
       Grades  
     
-.038***  -.057* 
 
 







Contextual Level Variables (Level 2)          
      Concentrated Disadvantage         .006 -.013 
        (.018) (.020) 
      Proportion of Asian Population         .008  .004 
        (.012) (.013) 







































                            
                 Random Part          
Variance at level 1 (within-group)  .781  .777  .763  .566  .566  .489  .410  .726  .402 
 (.022) (.022) (.021) (.014) (.014) (.015) (.014) (.027) (.025) 
Variances and  covariances of random effects at Level 2          
        Variance of Intercept   .314  .310  .297  .217  .217  .200  .190  .358  .246 
 (.034) (.035) (.034) (.023) (.023) (.022) (.023) (.043) (.033) 
       Covariance of Intercept  and Slope          
          
       Correlation of Intercept and Slope           
       Variance of  Slope           
          
 R
2
  .007 .030 .284  .284 .370 .451   .461 
* p<0.05** p<0.01*** p<0.001;
 a










                      Fixed Part   
Individual-Level Variables (Level 1)   
   
Race/Ethnicity (ref. Non-Latino White)   
        Non-Latino Asian  .038 -.003 
 
(.048) (.082) 
        Non-Latino Black -.094** -.134*** 
 
(.035) (.038) 
       Latino -.069 -.075 
 
(.048) (.057) 
Female  .006 -.036 
 
(.028) (.030) 
Age -.019* -.021* 
 
(.008) (.009) 
Immigrant Status (ref: Second Generation)   
       First Generation -.018  .017 
     (.058) (.071) 
       Third or Later Generation  .014 -.013 
 (.051) (.052) 
Social Learning   
      Peer Delinquency  .328***  .438*** 
 
(.027) (.033) 
Social Disorganization   
     Collective Efficacy -.025 -.009 
 (.018) (.015) 
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Anomie/Strain   
     Mother's Educational Level 
a 
  
               High School  .058  .080 
 
(.053) (.048) 
               Some College  .141*  .174** 
 
(.063) (.060) 
               College or Higher  .059  .078 
 
(.047) (.048) 
Table 1. (Continued)   
       Mother Received Public Assistance -.016 -.027 
 
(.095) (.086) 
       Father Received Public Assistance -.108 -.110 
 
(.081) (.116) 
       Family Structure (ref. Two Parent family)   
              One Parent Family  .074  .042 
 
(.077) (.080) 
              Other Living Situation  .081* .052 
 
(.034) (.037) 
Social Bond   
       Attachment to Mother -.062* -.069** 
 
(.026) (.024) 
       Attachment to Father  .021  .003 
 
(.023) (.023) 
       Attachment to School -.036* -.046* 
 
(.019) (.026) 








     
Contextual Level Variables (Level 2)   


















      Proportion of Asian Population  .000  .013 
 (.011) (.014) 

























                     
                 Random Part   
Variance at level 1 (within-group)  .309  .321 
 (.026) (.021) 
Variances and  covariances of random effects at Level 2   
        Variance of Intercept   .170  .206 
 (.019) (.033) 
       Covariance of Intercept  and Slope  .192 -.066 
 (.020) (.025) 
       Correlation of Intercept and Slope   .913 -.447 
       Variance of  Slope   .259  .106 
 (.026) (.058) 
 R
2
   
* p<0.05** p<0.01*** p<0.001; 
a
 reference group is “Less than High School”   
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of violent and property offending in the previous chapters, race also explains very little of the 
variance in drug offending.     
 In Model 2, demographic background including sex, age, and immigration status are 
controlled.  Asians (b=-.113, p<.001) and blacks (b=-.139, p<.001) still report less drug 
offending than whites after conditioning on their demographic background.  The difference 
between Latinos and whites is still not significant in this model.  The probability scores for drug 
offending among females are .082 points less than those for males (p<.001).  Age (b=.055, 
p<.001) is found to be significantly positively related to drug offending in this model. This 
relationship is in contrast with those for violent and property offending where the relationship is 
negative.   In addition, both first (b=-.280, p<.001) and third generation immigrants (b=-.067, 
p<.001) report less drug offending than second generation immigrants.  The overall R-squared 
for Model 2 is .03, which suggests all these variables explain about 3% of variance in drug 
offending.  The level 1 and level 2 R-squared values are .022 and .052, respectively.  
 Drawing from social learning theory, the variable peer delinquency is added in Model 3.  
Peer delinquency is significantly positively associated with drug offending when all other 
variables are accounted for (b=.504, p<.001).  For every one point increase in the factor scores 
for peer delinquency, a .504 point increases in the probability scores for drug offending can be 
expected.   This finding is similar to the ones for violent and property offending.  Association 
with delinquent peers increases adolescents’ probability for offending.  However, once peer 
delinquency is controlled, the differences between Asians and whites as well as Blacks and 
whites become non-significant.  That is to say, peer delinquency explains away the difference 
between whites and the two other races.  In addition, in this model, age becomes significantly 
negatively related to drug offending (b=-.014, p<.001) with the inclusion of social learning 
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indicator.  In this model, the difference between second and third generation immigrants also 
becomes non-significant.   First generation immigrants still report less drug offending than 
second generation immigrants (b=-.059, p<.05), although the magnitude decreases by about 27% 
compared to the value in Model 2.  The overall, level 1, and level 2 R-squared values for this 
model are .284, .275, and .307, respectively.  Based on the difference between overall R-squared 
values in Model 2 and Model 3,  the overall variance in drug offending that is explained by peer 
delinquency is .253 or about 25%.  The level 1 and level 2 variances in drug offending that are 
explained by peer delinquency are also about 25%.    
 Social disorganization indicator collective efficacy is accounted for in Model 4.  
Collective efficacy is significantly negatively related to drug offending when all other variables 
are held constant (b= -.017, p<.05).  As the level of collective efficacy increases, the probability 
scores for drug offending are expected to decrease .017 points.  The relationship between each 
racial minority group and whites in drug offending changes little in this model although the 
magnitude of the coefficient for each race decreases slightly.  The overall R-squared for this 
model is .284, meaning that the social disorganization indicator explains very little of variance in 
drug offending.  The level 1 (27.5%) and level 2 R-squared values (30.7%) in this model also 
change very little compared to those in Model 3. 
 In Model 5, the anomie/strain indicators consisting of mother’s educational level, if 
parents ever received public assistance, and family structure are accounted for.  Among all these 
anomie/strain indicators, only family structure appears to be a significant predictor for drug 
offending.  Specifically, controlling for all other variables, respondents from other living 
conditions such as living with grandparents report significantly higher drug offending than those 
from two parent families (b=.081, p<.01).  However, the difference between one parent families 
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and two parent families is not significant.  Mother’s education and parents’ poverty status have 
no significant effect on drug offending when all other variables are held constant.  Moreover, 
anomie/strain indicators also do not seem to have a pronounced influence on the relationship 
between race and drug offending since the differences between whites and all other races are still 
non-significant even though the coefficients for each race change slightly compared to those in 
Model 4.   In addition, after anomie/strain indicators are controlled in the model, first generation 
immigrants do not report less drug offending than second generation immigrants.  However, 
third generation immigrants are found to report more drug offending than second generation 
immigrants (b=.057, p<.05).  Collective efficacy also becomes non-significant in this model with 
the inclusion of anomie/strain indicators.   The overall R-squared for Model 5 is .370, meaning 
anomie/strain indicators explain about 9% of variance in drug offending.   The anomie/strain 
indicators explain approximately 10% and 5% of level 1 and level 2 variances in drug offending, 
respectively
43
.   
 Model 6 accounts for the social bond indicators, which are attachment to mother, 
attachment to father, attachment to school, and grades.  Attachment to mother (b=-.044, p<.01), 
attachment to school (b=-.040, p<.001) and grades (b=-.038, p<.001) are all significantly 
negatively related to drug offending when holding all other variables constant.  In other words, 
respondents’ probability for drug offending is expected to decrease if they report that they are 
more attached to their mothers or school or if they have better school performance.  However, 
social bond indicators also cannot seem to fully account for the difference between whites and all 
other race, since the coefficient for each race is still non-significant.  The overall R-squared for 
this model increases to .451, meaning social bond indicators explain approximately 8% of 
overall variance in drug offending.   Social bond indicators explain more of level 1 variance 
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 The level 1 R-squared is .374 and the level 2 R-squared is .360 in Model 5.   
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(about 10%) than level 2 variance (about 3%) for drug offending when controlling for all other 
variables.  
 In Model 7, the relationships between drug offending and contextual level variables, 
including concentrated disadvantage, proportion of population that is Asian, and residential 
mobility, are examined.  Similar to the findings for property offending in chapter 5, these 
contextual variables are also not significant predictors of drug offending.   The variance in drug 
offending is also not explained much by these contextual variables.    
 All the individual level and contextual covariates from all previous models are added 
together in Model 8.  Once all these covariates are controlled, the gap for white-black becomes 
significant again.  Blacks report significantly less drug offending than whites (b=-.138, p<.001).  
Given the situation here, it is possible that the suppression effect is introduced into the model 
when the contextual level covariates are controlled in the model since such a significant gap is 
not found when all individual level covariates are modeled.   The reason might be that blacks are 
more likely to live in disadvantaged neighborhoods, and if they live in similar neighborhoods as 
whites (that means these variables are controlled in the model), they actually report significantly 
less drug offending than whites.  The gaps between white-Asian and white-Latino are still not 
significant when all these level 1 and level 2 variables are controlled.  In addition, in this model, 
social learning indicator and social bond indicators are still found to have a similar effect on drug 
offending as they do in the previous models (Model 5 and Model 6).   Regarding anomie/strain 
indicators, only mother’s education is significant in this model, but the direction of the 
relationship between mother’s education and drug offending is in contrast with what the theory 
would predict. To be more specific, respondents’ whose mother have some college report more 
drug offending than those whose mother have a less than high school education once controlling 
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both individual and contextual level covariates (b=.127, p<.05).  It is also worth to note that, 
once all the level 1 and level 2 covariates are controlled, the difference between females and 
males on drug offending become non-significant.  The overall, level 1, level 2 R-squared values 
for Model 8 are approximately 46%, 48%, and 22%, respectively.  The conditional intraclass 
correlation for Model 8 is .380, which suggests that about 38% of variation in drug offending is 
due to variation between neighborhoods when conditioning on all individual and contextual level 
covariates.  
 In all previous models (Model 1-Model 8) I only used random intercept models, which 
allow the overall level of the response to vary over different neighborhoods when controlling for 
different sets of covariates.  In order to examine if some covariates have differential effects on 
drug offending across clusters, I use random coefficients models in Model 9 and Model 10.  
Since only social learning indicators (Model 9) and some of social bond indicators (Model 10) 
seem to have persistently significant effects on drug offending in all previous models, I allow the 
slopes of these variables to vary across clusters.  Neither a random coefficient model for 
contextual level variables nor a cross-level model is presented here since none of the contextual 
level covariates are significant.   
 In Model 9, I relax the model assumptions for Model 8 and allow the slopes of peer 
delinquency to vary across clusters when accounting for both individual and contextual level 
covariates.  The coefficient for the fixed part of the constant is .175.  The coefficient for the fixed 
part of peer delinquency is .328 (p<.001), which is slightly smaller than that in Model 8.  Ninety-
five percent intervals are also obtained for the random parts of this model.  For instance, the 95% 
interval for random intercepts is [-.634, .984]
44
.   The 95% interval for the random slopes of peer 
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 This interval is obtained by using .175±1.96 times the square root of .170.   
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delinquency is [-.669, 1.326]
45
.  That is to say, 95% of neighborhoods have slopes for peer 
delinquency between -.669 and 1.326.  In other words, peer delinquency has differential effect on 
drug offending across neighborhoods.  This finding is similar to those for violent and property 
offending in the previous two chapters.  In some neighborhoods, association with delinquent 
peers has positive effect on drug offending, but such an effect is not found in some other 
neighborhoods.  The correlation between the random slope and the random intercept is .913, 
indicating that the association is very strong.  This correlation suggests that neighborhoods with 
higher mean scores on drug offending for respondents with average levels of peer delinquency 
than other neighborhoods also tend to have steeper slopes than those other neighborhoods.   
 In Model 10, the random slopes for attachment to mother, attachment to school, and 
grades are estimated when adjusting for all other covariates.  The coefficient for the fixed part of 
constant is .355.  That is to say, the population-mean intercept for drug offending is .355 (p<.05) 
once conditioning on all other variables and allowing the slopes of social bond indicators to vary.  
The coefficients for the fixed part of attachment to mother, attachment to school, and grades are  
-.069 (p<.01), -.046 (p<.05), -.053(p<.05), respectively.  The 95% interval for the random 
intercept is [-.535, 1.246].  This interval suggests that 95% of neighborhoods have their 
population mean scores for drug offending in the range from -.535 to 1.246.  The 95% interval 
for the random slopes of attachment to mother is [-.709, .571].  The 95% interval for the random 
slopes of attachment to school falls between -.687 and .593.  In addition, the 95% interval for 
grades lies in the range between -.693 and .587.   These intervals for random slopes of these 
social bond indicators suggest that the effects of these variables also differ across neighborhoods.  
The correlation between random slope and random intercept is -.447, meaning neighborhoods 
                                                 
45
 This interval is obtained by using .328± times the square root of .259.   
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with higher means on drug offending for respondents with average levels of attachment to 
mother, school, and grades than other neighborhoods tend to have less steep slopes.  
6.3 Summary  
 In this chapter, results of ten multilevel models that were built to examine the relationship 
between race and drug offending when adjusting for different sets of covariates were presented.  
A similar model building procedure to that used for violent and property offending was 
employed.   First, results of the variance component model for drug offending were reported for 
the Null Model.  Second, findings on the change in the main effect of race on drug offending 
when accounting for different individual level covariates (between Model 1 and Model 6) and 
contextual level covariates (between Model 7 and Model 8) were presented.  The explanatory 
abilities of different criminological theories, including social learning theory, social 
disorganization theory, anomie/strain theory, and social bond theory, were also examined by 
these models.  Third, the differential effects of some explanatory variables such as peer 
delinquency, attachment to mother, attachment to school, and grades on drug offending across 
neighborhoods were also explored between Model 9 and Model 10.  All these multilevel models 
were conducted in STATA11 by using a generalized linear latent and mixed models approach.  
Findings from these ten models are summarized on the following pages. 
 The first important finding is that significant drug offending differences for white-Asian 
and white-black comparisons were found, but not for white-Latino comparisons.  However, these 
gaps attenuate or diminish once different explanatory variables are accounted for.  Regarding the 
white-Asian gap, Asians report significantly less drug offending than whites in the baseline 
model (Model 1) and in the model where only demographic variables are controlled (Model 2).  
However, once the social learning indicator peer delinquency is introduced into the model, the 
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difference between Asians and whites become non-significant. That is to say, peer delinquency 
accounts for the gap in drug offending between these two groups.  It is possible that Asians 
report less drug offending than whites because Asians are less likely to be associated with 
delinquency peers.  Therefore, once peer delinquency is controlled by assigning the average level 
of peer delinquency for both groups, the gap between these two groups is closed.  Nevertheless, 
it is plausible that other explanatory variables might also account for some of the gap in drug 
offending between whites and Asians, but it is peer delinquency that explains away the 
difference between these two groups. 
 Concerning the black-white gap in drug offending, blacks also report significantly less 
drug offending than whites in the baseline model (Model 1) and in Model 2 when the 
demographic variables are controlled.  The difference between blacks and whites also becomes 
non-significant once peer delinquency is adjusted for.  This finding suggests that peer 
delinquency also accounts for the difference between these two groups.  Blacks may report less 
drug offending than whites because blacks are less likely to be associated with delinquent peers.  
However, once they are to be put on the “same scale” in terms of the level of association with 
delinquent peers, blacks do not report significantly less drug offending than whites.  However, 
the black-white gap becomes significant once again when contextual level variables, which 
reflect the characteristics of neighborhoods, are added to the model (Model 8, 9, and 10).  This 
situation could be due to the suppression effect that is introduced to the model by the inclusion of 
contextual level variables.  Blacks might be more likely to live in more disadvantaged 
neighborhoods than whites, so once the characteristics of the neighborhood are controlled, blacks 
actually report significantly less drug offending than whites.   
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   The difference between Latinos and whites in drug offending is not significant in all ten 
models.  To be more specific, Latinos do not differ than whites in their probability scores for 
drug offending in either the baseline model or any other models after conditioning on different 
sets of covariates.   
 The second important finding is that different theories explain different portions of the 
variance in drug offending.  Based on the overall, level 1, and level 2 R-squared values in all the 
models, social learning indicator explains the largest portion of overall (about 25%) , level 1 
(about 25%), and level 2 (about 25%) variances in drug offending compared to other indicators 
for other theories.  Anomie/strain theory explains the second largest portion of overall variance 
in drug offending (about 9%), followed by social bond theory (about 8%) and social 
disorganization theory (approximately 1%).  Anomie/strain theory (about 10%) and social bond 
theory (about 10%) also account for a substantial amount of level 1 variance in drug offending.   
In addition, contextual level variables which are also drawn from social disorganization theory 
explain very little of variance in drug offending.   However, I advise readers to be cautious when 
comparing the explanatory abilities of these theories since I was unable to construct some 
indicators for some theories given the limited availability of variables within dataset I used for 
my study.   Furthermore, some significant predictors of drug offending are also found in my final 
analysis.  For instance, consistent with findings for violent and property offending, association 
with delinquent peer increases the probability for drug offending.  Respondents who come from 
other living conditions such as living with grandparents or uncles/aunts report higher level of 
drug offending than those who are from two-parent families when holding all other variables 
constant.  As respondents report they are more attached to their mothers or school or have higher 
academic performance, they also report lower levels of drug offending.   
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 The final important finding is that some variables such as peer delinquency, attachment to 
mother, attachment to school, and grades have differential effects on drug offending across 
neighborhoods.  Specifically, the effect of the social learning indicator peer delinquency on drug 
offending differs in different neighborhoods.  In some neighborhoods, respondents report higher 
levels of drug offending if they are more associated with delinquent peers.  However, such 
relationship is not found or is even reversed in some other neighborhoods.  Neighborhoods with 
higher mean probability scores for drug offending for respondents with average levels of peer 
delinquency than other neighborhoods also tend to have steeper slopes.  Social bond indicators 
including attachment to mother, attachment to school, and grades also have differential effects on 
drug offending across different neighborhoods.  Neighborhoods with higher mean probability 
scores for drug offending for respondents with average levels of attachment to mother or school 










CHAPTER VII: DISCUSSION AND CONCLUSION 
Criminologists have studied racial disparities in offending for a few decades (Feldmeyer 
and Steffensmeier 2009; Hindelang 1978; Martinez and Valenzuela 2006; Sampson and Wilson 
1995; Shihadeh and Shrum 2004b).  Abundant empirical studies have been conducted to examine 
the sources of racial gaps, primarily between blacks and whites.  Some scholars draw 
explanations from structural theories such as social disorganization theory and anomie/strain 
theory (Blau and Blau 1982; Harer and Steffensmeier 1992; Krivo and Peterson 2000; Lafree, 
Baumer, and O'Brien 2008; Land, McCall, and Cohen 1990; Phillips 2002; Shihadeh and Shrum 
2004).  These researchers believe that racial disparities in crime are the result of the differences 
or inequality in social structures or conditions different races live in.  For instance, blacks may 
experience higher levels of offending compared to whites because they are more likely to live in 
disorganized and disadvantaged neighborhoods and face higher levels of socioeconomic stains 
such as joblessness.  Some other scholars draw explanations from micro-level theories such as 
social learning theory and social bond theory (Haynie and Osgood 2004; Hirschi 1983; Jang 
2002; Jenkins 1997; Le, Monfared, and Stockdale 2005b).  These scholars believe that the 
sources of racial gaps in crime can be attributed to factors such as social bonds, family structure, 
association with delinquent peers, and so on.  Some races such as whites may have lower levels 
of engagements in crime because they have more advantages in family structure and more social 
bonds.   
Unfortunately, there are many limitations in previous research on racial gaps in crime.  
For instance, not many studies go beyond comparisons between whites and blacks and include 
other types of offenses besides violence.  In addition, previous research rarely provides 
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theoretical explanations to explore sources of disparities between each race by testing both 
structural and individual level theories.  My dissertation fills the gaps in literature by addressing 
these limitations in previous studies.  First, my study aims at identifying and describing racial 
gaps among non-Latino whites, blacks, Asians, and Latinos in violent, property, and drug 
offending.  In addition, different from most previous studies, I use item response models to 
create measures for each type of offense in order to obtain the probability scores for each 
respondent.  To be more specific, a graded response model, which transfers ordered responses of 
items into probabilities by using a logistic function, was used to create scales for violent, 
property, and drug offense.  Some researchers argue that it is more appropriate to use item 
response modeling to create scales for crime and delinquency since this method provides more 
information regarding each response item and also takes into consideration the seriousness and 
frequency of each item (Osgood, McMorris, and Potenza 2002).  Second, my study tries to assess 
the explanatory power of social disorganization, anomie/strain, social learning, and social bond 
theory in affecting the gaps in reported crime between whites and other races by using a model 
building procedure within multilevel linear modeling.  I not only examine the explanatory 
abilities of these theories in accounting for gaps in violence, but also assess gaps among these 
groups in property and drug offending.   Finally, another contribution of my study to current 
literature is to examine the differential effects of some indicators drawn from these theories 
across neighborhoods by using multilevel analysis.   
In the following pages, findings from my analysis are summarized first.  The limitations 
of my dissertation are discussed next.  The significance and policy implications of my findings as 




7.1. Findings from My Study 
 Several important findings are obtained in my study.  First, there are some disparities in 
the reported violent, property, and drug offending between whites and nonwhites when the 
bivariate relationships between race and each offense are examined.  Second, different 
theoretical indicators account for the gaps between whites and non-whites for different offenses.  
In other words, the sources of racial disparities in race are not the same for violent, property, and 
drug crime.  The gaps between Asian-white, black-white, and Latino-white for each offense are 
also explained by different predictors.  Third, some predictors have differential effects on 
offending across neighborhoods.  The differential effects of these predictors are dependent on the 
type of crime.  In addition, in my study, the individual level predictors do not seem to interact 
with contextual level predictors to shape each crime and thus the results of cross-level models 
are not reported
46
.    
7.1.1 Findings on the bivariate relationship between race and each offense  
Gaps between whites and other racial groups are found for each type of offense.   In the 
baseline model, whites have significantly lower probability scores for reported violence 
compared to blacks and Latinos, but not Asians. However, whites report significantly more 
property offending than blacks.  No significant differences are found for white-Asian and white-
Latino comparisons of property offending.  Whites also report more drug offending than Asians 
and blacks.  The differences in reported drug use between whites and Latinos are also not 
significant.   
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In my study, I found that whites are approximately 25 percent less likely to commit self-
reported violence than blacks and approximately 13 percent less likely than Latinos. However, 
whites are about seven percent more likely to engage in violence than Asians. These findings are 
consistent with self-report offending patterns obtained from previous studies on racial gaps in 
violence (Elliott and Ageton 1980; Elliott, Huizinga, and Morse 1986; Jang 2002; McNulty and 
Bellair 2003a).  The violent offending patterns between whites and other races obtained from my 
study also seem to be in line with those observed from official statistics and victimization data 
(Hindelang 1978; Hindelang 1981; Sampson 1987; Sampson, Morenoff, and Raudenbush 2005; 
Shihadeh and Bisciglia 2008), although the magnitudes of gaps found in my study are much 
smaller.  One possible reason is that my sample is limited to adolescents, so findings on gaps for 
this group might not be comparable with those found for other age groups such as adults 
reflected in the official arrest data.   
 Concerning reported property crime, no significant differences are found for white-Asian 
and white-Latino comparisons in the baseline model where the bivariate relationships between 
race and property are examined.  However, whites are about ten percent more likely to engage in 
property offending than blacks.  Findings from my study seem to contradict the patterns 
observed in official statistics, which generally shows that blacks are more likely to be arrested 
for some types of property offending (Akins 2003; Harris and Shaw 2000; LaFree 1995).  Given 
the evidence presented here, conflict theorists would argue that the overrepresentation of 
minorities in the criminal justice system is due to racial bias since minorities suffer from unequal 
treatment (Chambliss and Seidman 1971b; Jacobs and Kleban 2003; Liska 1992; Quinney and 
Sheldon 1974).  My study appears to support some conflict theorists’ positions on racial gaps in 
offending since blacks appear to report less property offending in a nationally representative 
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sample yet are more likely to be arrested for such offenses.  However, it is also possible that 
findings on property offending obtained from my study might be a result of the characteristics of 
the Add Health sample and the way in which property offending is operationalized.  Although 
Add Health uses a nationally representative sample, it still tends to focus on adolescents that are 
clustered within schools.  It might underrepresent those who drop out of schools or who never go 
to school, as opposed to the criminal profiles reflected in the official statistics.  In addition, in 
order to capture the full range of actions regarding property offending, I included minor offenses 
such as shoplifting in my study whereas official statistics tend to focus on more serious offenses.  
Some scholars argue that the discrepancy in offending pattern observed in self-report studies and 
those that use the official data are often due to the different sampling framework that is covered 
and the domain of behaviors that are tapped (Hindelang, Hirschi, and Weis 1979b).   Therefore, 
findings regarding reported property crime between whites and other races might be also 
incomplete due to certain factors such as the limitations of my sample. 
With respect to reported drug offending, whites are approximately 18 percent more likely 
to engage in those activities than Asians and 13 percent more likely than blacks.  This finding 
seems to be consistent with previous self-report studies on racial gaps in drug offending.  Whites 
tend to be more likely to report the use of drugs than other groups (Bachman and et.al. 1991; 
Wallace Jr and Bachman 1991; Wallace Jr, Bachman, O'Malley, Johnston, Schulenberg, and 
Cooper 2002).  However, in my study, Latinos do not significantly differ from whites in terms of 
reported drug use.   Findings from my study on racial gaps in drug crime also appear to 
contradict the patterns observed in official statistics, which generally show that blacks and 
Latinos are much more likely to be arrested for drug crime than whites.  Some scholars point out 
that the overrepresentation of black and Latino offenders in the criminal justice system are due to 
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the biased or discriminatory drug laws
47
 and tough drug policies that spurred by the “war on 
drugs,” which was initiated in the mid-1980s (Albonetti 1997; Chambliss 1994; 2007; Mosher 
2001; Rosenfeld and Decker 1999).  Therefore, it is possible that minorities such as blacks and 
Latinos do not report more drug use but they are more likely to be arrested because of unfair 
drug laws and policing practices.  However, once again, I remind reader to be cautious about the 
drug offending pattern I observed in my study because of the characteristics of the sample used. 
7.1.2 Explanations of Racial Disparities in Offending 
 The sources of racial gaps are different for violent, property, and drug offending.  
Different sets of covariates that are drawn from social disorganization, anomie/strain, social 
learning, and social bond theory account for the gaps in white-Asian, white-black, and white-
Latino comparisons for different offending.  In addition, findings from my study show that the 
explanatory ability of each theory in explaining crime varies across the types of offense.  
Generally, anomie/strain theory and social learning theory are found to provide the most 
powerful explanations for violence.  Social learning theory and social bond theory seem to have 
the best explanatory abilities for property offending.   Social learning theory and anomie/strain 
theory account for the largest portions of variance in drug offending.   Structural theories such as 
social disorganization theory have the weakest explanatory ability in explaining all offenses 
compared to other theories.     
Violent Offending 
 Criminologists have been interested in studying racial gaps in violence for a long time.  
Findings from my study show that different sets of contextual and individual level covariates 
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 For instance, before the Fair sentencing Act of 2010 was signed into law, there was a 100 to 1 sentencing disparity 
for possession or trafficking of crack compared to power cocaine, which has been criticized as discriminatory 
against minorities, such as blacks, who are more likely to use crack cocaine.   
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affect the gaps in white-Asian, white-black, and white-Latino comparisons of violence.  In 
addition, overall, anomie/strain theory and social learning theory seem to have the better 
explanatory abilities compared to other theories in explaining violence since predictors that are 
derived from these two theories explain the largest portions of variance. 
 Regarding the white-Asian gaps, immigration status and social bond theory indicators 
such as school attachment and grades are found to be the most important explanatory variables of 
gaps in violence between these two groups.  This finding is consistent with Hirschi’s (1969) 
social bond theory and some prior studies on Asian crime (Kim and Goto 2000; Le, Monfared, 
and Stockdale 2005b; Jang 2002; McNulty and Bellair 2003b; Wong 1998; Wong 1999).  For 
instance, Jang (2002) finds that Asians generally report lower levels of delinquency than other 
groups because they are more attached to school and more involved or committed to education.  
School bonds and schools exert a great level of control over Asians and that protects this group 
from engaging in violence.  In my study, Asians report lower levels of violence than whites until 
their immigration status is controlled in the model.  This finding suggests that Asians would not 
report less violence than whites if they were no more likely to be second generation immigrants 
than whites (holding immigration status constant).  Many researchers on Asian immigrants show 
that although there is a great level of heterogeneity among different Asian groups, many Asians 
are shielded from criminal activities because of their homeland culture (Chui and White 2006; Le 
and Stockdale 2005; Shek 2005; Sue and Okazaki 1990; Wang and Ollendick 2001).  Many 
Asian cultures emphasize law-abidance, reverence, and subordination to authorities, so these 
values might protect Asian youths from engaging in crime.   In addition, in my study, another 
very interesting phenomenon regarding the white-Asian gap is found and the important roles that 
school bonds and grades play in accounting for the disparities in violence for these two groups 
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are revealed.  Specifically, Asians are found to report more violence than whites after social 
bond indicators are controlled in the model.  This phenomenon is possibly due to the “Lord’s 
Paradox” (Tu, Gunnell, and Gilthorpe 2008), which refers to the situation when the relationship 
between a continuous outcome (the violence scale in this case) and a categorical variable (the 
dummy variable for Asian) is reversed when additional continuous covariates (school attachment 
and grades) are added to the model.   Tu, Gunnell, and Gilthorpe (2008) explain that the “Lord’s 
Paradox” is due to the differences in results between unconditional and conditional means.  
According to Tu and his colleagues’ interpretation of the “Lord’s Paradox,” findings from my 
study show that social bond indicators such as school attachment and grades have great impacts 
on Asians’ probabilities of engaging in violence.  Compared to whites, Asians are more attached 
to schools and have higher grades and these advantages at school protect Asians from 
committing violence.  In other words, Asians’ lower probabilities of violent offending are due to 
their attachments to school and their achievements in education.  However, once these school 
advantages are removed or controlled/conditioned in the model (assigning average level of 
school attachment and grades to each group), Asians report more violence than whites.  
 It might be puzzling to many scholars that Asians would report more violence than 
whites if their advantages at school are controlled.   Research on Asian gangs may shed some 
insight on this matter.  Typically, Asians are viewed as the “model minority” because of their 
achievements in education; however, there is great diversity among Asians (Bankston III and 
Zhou 2002; Chew 1994; Fong 1998; Lee 1996).  Tsunokai and Kposowa (2002) claim that some 
Asians who are exposed to gang culture and who experience substantial educational and 
socioeconomic deficiencies are more likely to engage in gang activities.  By analyzing literature 
on Asian gangs, these authors conclude that weak bonds with parents and school, lack of parental 
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guidance, and poor educational performance are some common reasons that drive some Asian 
youths to participate in gang activities.  Asian gang members are typically viewed as violent 
rebels by policy makers and some studies show that they are more violent than other ethnic 
gangs.  Asian gang members are fairly active in violent actions such as assaults, shootings, and 
robberies and they are more likely to use violence than some other ethnic gangs (Chin 1996; 
Fagan 1989; Vigil and Yun 1990; Wang 1996).  Therefore, in order to solve Asian gang 
problems, Tsunokai and his colleagues (2002) suggest that policy makers should focus on 
strengthening the social and school bonds of at-risk Asian youth.  Research on Asians is largely 
underdeveloped, so it is still very unclear if Asians are actually more violent than whites if they 
do not have advantages of school or education.  Nevertheless, social bond indicators explain 
much of the gaps between Asians and whites in violence.   
Concerning the black-white gap in violence, none of the sets of indicators that are derived 
from social disorganization, anomie/strain, social learning, and social bond theory seem to 
explain away the disparity in violence between these two groups.  Blacks still report more 
violence than whites after all the covariates are controlled throughout all the 12 models used in 
my study.   Previous studies often show that neighborhood disadvantages, socioeconomic status, 
family structure, and so on explain black-white gaps in violence (see for example, Blau and Blau 
1982; Harer and Steffensmeier 1992; Krivo and Peterson 2000; McNulty and Bellair 2003b).  
Findings from my study are consistent with those studies in the sense that covariates such as 
concentrated disadvantage, peer delinquency, mother’s education, family structure, school bonds, 
and grades reduce the black-white gaps in violence.  After all these contextual and individual 
covariates are controlled, the gaps between whites and blacks are reduced by eight percent
48
in 
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 This number is obtained by calculating the percentage of reduction between the coefficients for black between 
Model 1 and Model 8.   
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the final random intercept model and 26 percent
49
 in the final cross-level model.  However, the 
gaps between blacks and whites are still significant even after all these predictors are conditioned 
on.  This observation suggests that all four of these theories provide some explanation of white-
black gaps in violence, but there might be some other important predictors such as residential 
segregation that are not controlled in my study due to the availability of the data that might fully 
account for the disparities between these two groups.  For instance, many previous studies show 
that residential segregation is a significant predictor of racial gaps in violence.  Blacks 
experience a higher level of violence because they usually live in segregated neighborhoods and 
experience a high level of isolation and economic deficiency (see for example, Feldmeyer 2010; 
Peterson and Krivo 2000; Velez, Krivo, and Peterson 2003).   
Regarding the Latino-white comparison, neighborhood context, such as concentrated 
disadvantage, accounts for the gaps in violence between Latinos and whites.  To be more specific, 
findings from my study reveal that concentrated disadvantages such as poverty levels, the 
unemployment rate, and percent female-headed households fully explain away the gaps in 
violence between these two groups.  That is to say, after conditioning on concentrated 
disadvantage, the Latino-white gaps in violence drop out of significance.  This observation is 
consistent with the prediction of social disorganization theory, which attributes the racial gaps in 
violent offending to the differences in structural conditions or neighborhood effect.  Findings 
from my study are also in line with those from many prior studies, which generally show that if 
Latinos live in similarly advantaged or organized neighborhoods as whites, they should not be 
expected to experience a higher level of violence (Land, McCall, and Cohen 1990; Lee, Martinez 
Jr, and Rosenfeld 2001; Phillips 2002;Parker and McCall 1999; Peterson and Krivo 2005).   
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 This number is obtained by calculating the percentage of reduction between the coefficients for black between 
Model 1 and Model 12.   
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Moreover, in my study, I found that some other covariates such as school attachment or mother’s 
education do not account for much of the Latino-white gaps since these variables only reduce the 
gaps by eight percent once they are controlled in the model.   
Property Offending 
 Research that examines the sources of racial disparities in property offending is 
underdeveloped.  Studies that use social disorganization, anomie/strain, social learning, and 
social bond theory to explain the racial gaps in crime are very rare.  Findings from my study 
show that social learning theory seems to provide a better explanation of the differences in 
property offending between whites and other racial groups.  This theory also has the strongest 
explanatory ability in explaining property crime since it accounts for the largest portion of 
variance in this type of offending.   Among the portion of variance in property offending that is 
explained by all of the four above mentioned criminological theories, the social learning 
indicator peer delinquency contributes to approximately 42 percent of the share.   
Regarding the white-Asian gaps in property crime, these gaps can be explained by 
immigration status and variations in community context.  Asians do not report significantly more 
property crime than whites in the baseline model, but they are found to report significantly more 
property crime once immigration status is controlled.  The increase in the magnitude and 
significance level of the coefficient for Asians is possibly due to the interaction between the 
Asian and immigration status variables (Lo e tal., 1995).  In my sample, more than 70 percent of 
Asians identified themselves as immigrants. Additional analysis show that the variable Asian 
interacts with first and third generation immigrant values for immigration status.  Findings from 
my study suggest that Asians may not report more property crime because they are more likely to 
be immigrants.  However, once their immigrant statuses are controlled in the model, they report 
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more property crime than whites.  This observation is consistent with some studies done on 
Asian immigrants.  Some studies show that many new Asian immigrants come to a new country 
for a better life and many of them already are highly educated or are professionals, thus they 
might not need to use illegitimate means to advance themselves economically (Chui and White 
2006; Lee and Rong 1988;Min 2006;Shek 2005).  However, some other immigrant scholars also 
point out that some Asian immigrants might face more adversities and are more likely to be 
compelled into criminal activities during the process of assimilation and acculturation into US 
society (Bankston and Zhou 2002; Bankston III and Zhou 1997; Portes and Zhou 1993; Zhou 
1997).  Additionally, some Asian groups such as Cambodians and Vietnamese might have lower 
socioeconomic statuses compared to other Asian groups and are found to experience greater 
difficulty in achieving educational or financial success (Bankston 2004; Zhou and Bankston III 
2001).  Asian youths might thus be more likely to engage in property crime than whites because 
of the difficulty in the immigration process.  Some prior research on second generation 
immigrants shows that this particular group might experience more strains than their immigrant 
parents and might be more likely to be compelled into criminal activities (Gans 1992; Perlmann 
and Waldinger 1997; Portes and Zhou 1993; Waters 1994).  For instance, Gans (1992) argues 
that children of poor immigrants are unlike their parents, who are willing to take low-wage and 
long-hour “immigrant” jobs, and are more likely to face greater obstacles in being assimilated 
into mainstream culture and economy.  As a result, they might face more pressures that result 
from socioeconomic deficiencies and are may be more likely to commit crimes.  Nevertheless, 
findings from my study reveal the importance of immigrant status in accounting for the Asian-
white gaps in property crime.  Moreover, the Asian-white gap becomes non-significant once 
community context is controlled in the model.  Since none of community contexts such as 
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concentrated disadvantage or residential mobility have significant effects on property offending, 
it appears that random variations in neighborhood conditions explain away the difference 
between Asians and whites in property offending.   
Concerning the black-white comparison in property crime, peer delinquency explains 
away the gaps between these two groups.  Blacks report significantly less property offending 
than whites, but once peer delinquency is controlled the gap becomes non-significant.  
Consistent with social learning theory, crime is a learned behavior and individuals need to learn 
techniques and definitions in order to become criminals (Akers 1998; Burgess and Akers 1966; 
Sutherland 1947).  Association with delinquent peers increases individuals’ chances of 
committing crime such as property crime since in order to commit some offense such as stealing, 
individuals might need to learn the techniques from other experienced peers (Conger 1976; 
Matsueda 1982).  In my study, blacks report less property crime than whites because they are 
less likely to associate with delinquent peers.   
Regarding the Latino-white comparison, peer delinquency and anomie/strain indicators 
such as family poverty status and family structure explain the disparity in property offending.  In 
the baseline model, Latinos do not report significantly more property crime than whites, but the 
gap between them becomes significant once peer delinquency is adjusted in the model.  This 
situation could be due to the suppressor effect of peer delinquency since peer delinquency is 
positively associated with property offending.  The correlation between the variable Latino and 
property crime could come from the former variable’s relation with peer delinquency (Tu, 
Gunnell, and Gilthorpe 2008; Tzelgov and Henik 1991).  That is to say, Latinos might be less 
likely to associate with delinquent peers than whites and that might help them to resist 
committing property crime, however, once these two groups are put in the “same scale” as peer 
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delinquency is controlled in the model, Latinos are found to report more property offending.   
However, the gap is diminished once again after anomie/strain indicators such as family’s 
poverty status and family structure are adjusted in the model.  This result suggests that once 
socioeconomic status is controlled in the model, Latinos do not report more property offending 
than whites.  This finding is consistent with anomie/strain theory, which suggests that 
socioeconomic deficiency might pressure individuals into criminal actions (Agnew 1985; 1999; 
Merton 1938).  Many prior studies show that Latinos experience a much higher level of 
socioeconomic disadvantages such as poverty than whites and they might experience a higher 
level of strain and feel more compelled to commit crime (Feldmeyer 2010; Lee and Rong 1988; 
Min 2006; Philips 2002).  Analysis results from my study support these previous studies that 
conclude if Latinos share similar socioeconomic advantage as whites, they will not be expected 
to report more property crime.   
Drug Offending 
 The sources of racial gaps in drug offending are also examined in my study by using 
multilevel linear modeling.   Among social disorganization, anomie/strain, social learning, and 
social bond theory, social learning theory is found to have the best explanatory ability in 
accounting for the variance in drug offending.  Among the portion of variance that is explained 
by these four theories, social learning theory accounts for about 54 percent. Anomie/strain theory 
and social bond theory account for about 20 percent and 17 percent respectively.  The social 
learning theory indicator peer delinquency is also the most important predictor of the gaps in 
drug for Asian-white and black-white comparisons.   
 Regarding the Asian-white gap in drug offending, the disparity between these two groups 
can be explained by peer delinquency.  Asians report significantly less drug offending than 
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whites until peer delinquency is controlled in the model.  This finding suggests that Asians report 
less drug offending than whites because they are less likely to be associated with delinquent 
peers.  Some prior studies show that, compared to other groups, Asians are more likely to be 
associated with conventional peers who are more committed to education, and that advantage 
protects them from engaging in deviance (Chang and Le 2005; Jang 2002; Kim and Goto 2000).  
Consistent with findings from these studies, my study shows that the gaps in drug offending 
between Asians and whites can be explained by the level of association with delinquent peers. 
 For the black-white comparison, peer delinquency and variations in the neighborhood 
contexts account for the disparity in drug crime between these two groups.  In the baseline model, 
whites also report significantly more drug use than blacks, but the difference between these two 
groups becomes non-significant once peer delinquency is controlled.  This finding indicates that 
whites may report more drug use than blacks because they are more likely to be associated with 
delinquent peers.  However, the black-white gap becomes significant once again when the 
contextual level variables are added to the model.  Since none of the contextual level covariates 
is a significant predictor of drug offending, it is possible the variations in the neighborhood 
contexts suppress the relationship between the variable black and drug crime.  This finding 
suggests that blacks are more likely to live in disadvantaged neighborhoods than whites and once 
they are put in the same scale, they actually report significantly less drug offending than whites.  
Many scholars argue that if blacks live in similarly advantaged places as whites, they will be no 
more likely to commit crime (Krivo and Peterson 2000; Sampson and Wilson 1995; Velez, Krivo, 
and Peterson, 2003).  Results from my study support findings from these previous studies and 
show that blacks are actually expected to report less drug offending than whites if these two 
groups share the same degree of advantages.  In addition, findings from my study also question 
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the validity of official statistics in drug related arrests.  Studies that use official arrest data 
generally show that minorities such as blacks are much more likely to be arrested for drug related 
crimes, although they are found to possibly not be more likely to use drugs than whites (Banks 
2003; Beckett, Nyrop, and Pfingst 2006; Sampson and Lauritsen 1997).  Therefore, findings 
from my study support the views that the overrepresentation of minorities in drug offending in 
the criminal justice system might be due to factors such as organizational practices and 
implementation of partial crime-control policies.   
 I also found that Latinos and whites do not significantly differ in drug offending across 
all the models in my study.   Previous studies often show that Latinos are much more likely to be 
arrested for drug offending.  For instance, Lopez and Light (2009) in their study of federal courts 
report that Latinos are overrepresented in drug offending and have a higher level of drug offense 
than whites.  Findings from my study suggest that Latino adolescents are no more likely to report 
drug use than whites.  Therefore, researchers might need to be cautious when using official 
statistics to study drug offending patterns for minorities.   
7.1.3 Differential Effects of Some Covariates 
 Different from many previous studies, I also employ random slope models for violent, 
property, and drug offending in order to examine if some covariates have differential effects 
across neighborhoods.  Researchers are often interested in exploring the underlying contextual 
sources of crimes and trying to identify important predictors for these offenses.  However, it is 
possible that the effects of some individual-level predictors of crime differ in different places due 
to the different neighborhood contexts.  For instance, the influences of social disorganization 
indicators or social learning indicators on different crimes might vary across neighborhoods.  
The effects of concentrated disadvantage or peer delinquency on crime might be stronger in 
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some places with certain features than in other places.  Results of my analysis show that social 
leaning, social bond, and social disorganization indicators generally have differential effects 
across places, but the effects of these indicators are determined by the type of offending.   
Findings from my study show that peer delinquency, school attachment, grades, and 
concentrated disadvantages have differential effects on violence across neighborhoods.  Most 
previous studies on violence either focus on contextual level or individual level analysis (see for 
example, Blau and Blau 1982; Jang 2002; Matsueda and Heimer 1987; Peterson and Krivo 1999; 
Rose and Clear 1998; Veysey and Messner 1999; Wilson, 1987).  Not many studies employ 
multilevel analysis of crime.  These studies thus cannot assess if the effects of these important 
predictors of violence are the same across places or neighborhoods because of the limitations in 
their statistical models.  My study fills the gap in literature by using random slopes models, 
which allows the slopes of some covariates to shift across places.  Specifically, results of my 
multilevel analysis show that peer delinquency, school attachment, grades, and concentrated 
disadvantages have expected effects in some neighborhoods that are congruent with the 
theoretical predictions, but those effects are not found or are even reversed in other 
neighborhoods.  For instance, in some neighborhoods, association with delinquent peers 
increases individual probabilities of violent offending, but such effect is not found or is reversed 
in other places. My analysis also show that the magnitude or degree of the slopes of these 
covariates differ across places.  For example, if there are two neighborhoods with one of them 
having a higher overall mean score for violence (neighborhood A) and the other one having a 
lower overall mean score for violence (neighborhood B), the effect of peer delinquency on 
violence is stronger in neighborhood A compared to neighborhood B.  This finding suggests that 
in a neighborhood where violence is already very prevalent, association with delinquent peers 
159 
 
will increase an individual’s likelihood of committing violence to a greater extent compared to 
the situation in a place where violence is not as prevalent.  In the same condition, the effect of 
concentrated disadvantage on violence would also be stronger in neighborhood A.  However, the 
slopes for school attachment and grades are steeper in neighborhood B.  In other words, the 
effects of school attachment and grades on constricting individuals from committing violence 
might be stronger in a neighborhood where the overall mean score (intercept) is not higher than 
in a place where the mean score is high.  These findings suggest that the effects of these 
covariates on shaping individuals’ probability scores for violence are also dependent on the 
overall mean scores of violence (the intercept) of the neighborhood. 
Regarding property offending, social learning and social bond predictors are also found 
to have differential effects across neighborhoods.  The factors that are used to proxy these 
theories are peer delinquency, attachment to mother and father, and attachment to school.  
Similar to findings regarding the differential effects of some covariates on violent crime, the 
slopes of peer delinquency, attachment to mother or father, and attachment to school are also 
deeper in some neighborhoods compared to other neighborhoods.  For instance, the effect of peer 
delinquency on individuals’ probability of offending will be stronger in a neighborhood if this 
place has a higher overall mean score of property crime compared to another neighborhood 
where the overall mean score of property crime is lower.   
Finally, concerning drug offending, the social learning indicator and a different set of 
social bond indicators tend to have differential effects across places.  To be more specific, the 
degrees of the slope for peer delinquency, attachment to mother, attachment to school, and 
grades on drug offending are different for different neighborhoods.  For instance, neighborhoods 
with higher overall mean scores for drug offending for respondents with average levels of 
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attachment to mother or school or grades than other neighborhoods, where the overall mean 
score for drug offending is lower, tend to have smaller slopes.     
7.2. Limitations of My Study 
 There are also several limitations in my study that need to be addressed.  First, in order to 
be able to create relevant indicators for social disorganization, anomie/strain, social learning, and 
social bond theory, I only used the first wave of Add Health when most participants were in 
grades 7-12.  As a consequence, my findings are generalizable only to adolescents in school.  It 
is possible that the racial disparities in different offenses observed in my study may change with 
age.  I thus encourage future researchers to explore explanations of racial disparities in offending 
by focusing on different age cohorts.    
Second, in order to preserve enough sample power to make reliable comparisons between 
races, I also did not disaggregate Asians and Latinos into their ethnic components.  Many 
previous studies show that there is a great deal of diversity within Asian and Latino communities 
(Bankston and Zhou 2002; Bohon, Johnson, and Gorman 2006; Chang and Le 2005; Chew 1994; 
Portes and Zhou 1992).  For instance, Asians from East Asia such as Chinese, Japanese, and 
Koreans seem to be better off than those from Southeast Asian, such as Cambodian, Laotians, 
and Vietnamese in terms of socioeconomic status and educational achievements.  The offending 
patterns among these Asian groups also tend to be different.  Some studies show that some Asian 
groups such as Cambodian report higher levels of engagement in crime than other Asian groups 
such as Chinese (Chang and Le 2005; Le 2004; Zhou and Bankston 2001).   In addition, there is 
also a great level of heterogeneity among Latinos in terms of country of origin, educational 
outcomes, political standing, and socioeconomic status (Del Pinal and Singer 1997).  Some 
scholars have noted that some Latino groups such as Cubans are not only more educated but are 
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also more socioeconomically advantaged compared to other Latino groups such as Mexicans and 
Puerto Ricans (Massey and Denton 1993; Portes and Stepick 1994).  Therefore, the offending 
patterns for different Latino groups might also be totally different.   Further studies should 
explore the gaps in offending by further disaggregating different racial groups into their ethnic 
components when such opportunities are available to researchers since the sources of gaps in 
crime might not be the same among different ethnic sub-groups.   
Third, because of the limited availability of variables within Add Health data, I was 
unable to construct some indicators that have been previously associated with criminal behavior.  
For instance, in order to measure social learning theory, I was only able to construct one 
indicator of peer delinquency and could not create measures for other aspects of social learning 
theory such as definition that are favorable toward law breaking and so on.  Some indicators I 
used to represent a particular theory are also not perfect proxies.  Most of the social bond 
indicators included in my study tends to focus on attachment and commitment.  Other aspects of 
social bonds such as beliefs or involvement cannot be assessed given the limited availability of 
variables in the dataset.  I was also unable to construct several important theoretical indicators 
for social disorganization and anomie/strain theory.  Some researchers point out that research 
findings are often largely determined by several factors such as sample size, operationalization 
and measurements of theories, use of independent/control variables, model specification, and 
data transformation (Hannon, Knapp, and DeFina 2005).  Findings from my study are limited by 
the way in which each theory is represented and operationalized.  I have very few indicators to 
represent each theory, thus the explanatory abilities of these theories cannot be fully examined 
and compared.  For instance, in my study, social disorganization theory seems to have the least 
explanatory power on offending compared to other theories.  However, this finding might merely 
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be due to improper representation of this theory in my study given the availability of the data.  If 
I were able to construct some important indicators for social disorganization theory such as 
residential segregation or use a different way to construct the disadvantage index, my findings 
might be different.  Therefore, I advise readers to be cautious when comparing the explanatory 
abilities of these theories. 
Fourth, there are also some limitations in the measures for different types of crime in my 
study.  I was only able to construct some common types of crime that are typically “street” 
crimes from the Add Health dataset and was unable to measure other types of crimes such as 
“white collar” crimes.  As documented in many previous studies, the offending patterns might be 
different if focus is given to different types of crime.  Moreover, findings from my study might 
be limited by the way I constructed measures for violence, property, and drug offending.   For 
example, in my study, several indicators of social disorganization theory, such as concentrated 
disadvantages, are not found to have any significant impacts on property and drug offending, 
which is in contrast with what theory would predict.  A part of the reason might be because I 
included some items for non-serious and trivial offenses when scaling the probability scores for 
these two types of crime.  Although item response modeling accounts for the seriousness of 
offenses to some extent, findings from my study could have been different if I had only included 
more serious measures/items for property and drug offending, which are where racial disparities 
in crime are generally revealed.   
Furthermore, my study attempts to explore the sources of racial gaps in crime, yet I was 
unable to include some important explanatory covariates of crime such as culture given the 
limitation in Add Health data.  This drawback might explain why the gaps in violence between 
blacks and whites still cannot be fully accounted for across all the models in my study.  Some 
163 
 
prior researchers highlight the role of culture in explaining racial gaps in crime (Wolfgang 1999; 
Wolfgang and Ferracuti 1967).  They believe that the sources of racial disparity in crimes lie in 
the differences in cultural values, norms and so on that each group is associated with.   Although, 
the cultural explanation for black-white crime gaps is very controversial and can be 
misinterpreted easily, these theorists argue that blacks’ higher involvement in crimes is the result 
of their subculture of violence.  Findings from some empirical studies such as Anderson’s (1994) 
“the code of streets” help us to understand the cultural explanation of crime by showing that this 
subculture of violence is in direct response to the harsh living conditions of inner city 
neighborhoods.  Blacks who live in these disadvantaged neighborhoods face a great level of 
socioeconomic deficiencies, so they have to adapt a set of codes that might be more conducive to 
violence in order to survive since formal and informal social control are often broken down in 
these places (Anderson 1994).  Moreover, cultural explanations are also often used to explain 
offending patterns for other groups such as Asians and Latinos.  For instance, one study finds 
that Asians’ collective oriented cultures protect them against crimes (Le and Stockdale 2005).  
Unfortunately, Add Health data do not have any measures regarding culture, so I was not able to 
explore the role of culture in shaping racial gaps in crime.  Future study should examine cultural 
explanations of racial gaps in offending in order to gain a more complete understanding. 
Finally, in order to examine the sources of racial gaps in crime, I used a model building 
procedure that modeled the change in the main effect of race on offending by adding different 
sets of covariates.  This approach gives us some useful information regarding the sources of 
disparities in crime by observing the changes in the coefficients for each race, but it does not 





 variable for crime between whites and other races because of unequal sample sizes 
among these groups in Add Health data.  Because of this limitation in my method, I was also 
unable to determine how much of the gaps between whites and other groups are explained by 
those theoretical indicators.  Further researchers should try to model the gaps in crime directly 
(use as a dependent variable) when data allows them to do so in order to gain a more complete 
understanding of the sources of racial gaps in crime.   
7.3. Theoretical and Empirical Implications for Further Work 
 Findings from my study have some theoretical and empirical implications.  First, results 
of my analysis show that the factors that shape criminal behavior are different depending on the 
type of offense.  Different theories play different roles in explaining individuals’ probabilities of 
offending.  Some theories such as anomie/strain theory provide better explanations for violent 
offending whereas other theories such as social learning theory are more powerful when 
explaining drug crime.  One implication of my study is that researchers should not solely rely on 
one criminological theory to explain the gaps in crime since the roots of such disparities might 
come from multiple sources.  Our understanding of the causes of crime might be incomplete if 
we attach our research to a single theoretical tradition.  For example, in my study, I examined the 
explanatory power of four criminological theories together, but they still only account for about 
one third of the variances in violent, property, and drug offending.   A large portion of the 
variation in offending is still not identified.   One possible reason is that each theory might not be 
fully operationalized in my study.  Given the limited available data, I was unable to construct 
some important indicators for some theories such as social learning and social disorganization 
theory.  Future researchers should continue to examine the empirical validity of these theories 
                                                 
50
 For instance, this gap variable could be constructed by using the mean probability score for white violence minus 
the score for black violence if these two groups have similar or equal sample sizes.  Researchers then could use this 
“gap” variable as a dependent variable.   
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with different datasets or settings and also consider examining some other criminological 
theories in order to gain a more complete understanding of the sources of crime. 
Second, findings from my study also indicate that the sources of gaps in crime for Asian-
white, black-white, and Latino-white comparisons are different.  This observation might shed 
some light on the racial invariance debate, where different scholars have different opinions on if 
the explanations of racial disparities in crime are “invariant” across race/ethnicity.  Some 
scholars support the racial invariance thesis, which states that some explanatory covariates of 
crime such as structural disadvantage have invariant effects on offending across race/ethnicity 
(Krivo and Peterson 2000; Land, McCall, and Cohen 1990; Shihadeh and Shrum 2004a).  In 
other words, the sources of crimes should be the same for all racial groups.  Other scholars 
challenge this thesis and find structural conditions have differential effects on different 
racial/ethnic groups (Harer and Steffensmeier 1992; Ousey 1999; Phillips 2002).  Although I was 
unable to directly examine the effects of different sets of covariates on the racial gaps in crime 
for each group, evidence from my study seems to be more in line with the racial variance thesis.  
For instance, in my study, I found that the sources of racial gaps in violence are not the same for 
white-Asian, white-black, and white-Latino comparisons.   
Finally, my study also has some important policy and empirical implications.  To be more 
specific, in order to reduce the crime gaps between each group, different strategies might be 
needed based on the type of offense.  Many previous researchers recommend several different 
ways to reduce crime rates such as creating social programs to revitalize communities or to 
reduce the socioeconomic inequality between different groups or to alleviate residential 
segregation or isolation (Greene 1998; Krivo and et al. 1998; Peterson, Krivo, and Harris 2000; 
Prothrow-Stith 1998; Woodson 1998).   Findings from my study show that in order to effectively 
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reduce crime gaps these policies or programs might need to be tailored for each race and each 
type of offense.  For instance, in order to reduce the black-white gap in violence, policy makers 
or researchers should not only focus on reducing inequality between these two groups, but also 
focus on creating social programs to help at-risk youths stay away from offending since black-
white differences in crime seem to stem from multiple sources.  For instance, social programs 
that help to improve the functioning of the family unit or provide home-based intervention for 
violence such as mentoring at-risk youths might be effective for blacks.  Programs that aim at 
providing disadvantaged adolescents with education or financial incentives from graduating from 
school might also help to reduce black violence.  In order to reduce Latino violence, creating 
social programs to help reduce socioeconomic inequality between this group and whites and to 
revitalize communities where disadvantaged Latinos tend to live might be more effective.  
Programs that are designed to provide Latino adolescents with education and development 
activities such as job skills might also be very helpful.  Revitalizing Latino communities is also 
essential to reduce Latino violent crime.  Sampson (1990) finds that some public housing 
projects, such as renovating low-income housing and providing public housing to low-income 
families, help to increase residential stability of some communities and have important effects on 
crime.  Although the effects of such programs on reducing crime are not fully examined, they 
might still be very effective at reducing Latino violence by allocating more socioeconomic 
resources to Latino communities and helping to build schools or recreation centers.   In addition, 
social policies or programs that aim at strengthening family and school bonds for Asians might 
help to keep the violence rates low for this group.  Social development projects that involve 
three-part intervention for teachers, parents, and students and are designed to increase school 
bonds and social bonds for Asian youths might be very helpful.  Regarding property and drug 
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offending, social policies that target monitoring at-risk youths might be effective.  Creating after- 
school programs for adolescents and proving them more opportunities to participate in 
conventional activities such as sports, math clubs, or job training could also be very helpful since 
these methods might reduce adolescents’ chances of associating with delinquent peers.  Social 
programs that help parents or guarantors to improve their parenting abilities so they can more 
appropriately supervise their children might work too.   
In summary, it is very important to study racial gaps in crime since the United States 
contains different racial groups that are found to have different offending patterns.  The public 
often stereotypes minorities and tends to criminalize the whole group based on some particular 
individuals’ behaviors (Blumer 1958; Quinney 1970; 1980).  It is thus very essential to seek the 
underlying sources of racial disparities in crime in order to rectify people’s biases and 
stereotypes against certain minorities.   Future researchers should continue to explore the sources 
of racial gaps in offending in order to advance the literature in this field and to help policy 
makers to create more effective crime control policies.   
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Table 6. Multilevel Analysis of Violent Offending with Some Extra Contextual Level Measures 
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Individual-Level Variables (Level 1)          
_cons -.031         
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Race/Ethnicity (ref. Non-Latino White)          
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 (.034) (.044) (.041) (.041) (.044) (.050)  ( .145) 
        Non-Latino Black  .251*** .240*** .311*** .308*** .269*** .217
***
   .291*** 
 
 (.048) (.051) (.049) (.049) (.059) (.060)  (.104) 
       Latino  .128*** .149*** .178*** . 181*** .123** .120*   .285 
 
 (.048) (.049) (.046) (.046) (.054) (.055)  (.183) 
Female  
 




(.018) (.016) (.016) (-.022) (.026)  ( .081) 
Age  
 




(.004) (.004) (.004) (.005) (.006)  ( .025) 
Immigrant Status (ref: Second Generation)  
 
       
       First Generation   -.162*** -.017 -.008 -.013 -.012  -.159 
       (.030) (.029) (.030) (.040) (.049)  (.135) 
       Third or Later Generation   -.100*** -.072** -.071**  .028 .040    .126 
   (.022) (.022) (.022) (.028) (.049)  (.086) 
Social Learning          
      Peer Delinquency  
  




(.012) (.012) (.013) (.015)  (.042) 
Social Disorganization  
     
   
     Collective Efficacy  
   
.029** .006 .037**   .025 
     (.010) (.011) (.011)  (.026) 
Anomie/Strain          
     Mother's Educational Level 
a          
               High School  
    
-.159*** -.125**  -.051 
 
 
    
(.035) (043)  (.155) 
188 
 
               Some College  
    
-.155*** -.128**  -.045 
 
 
    
(.043) (.052)  (.191) 
               College or Higher  
    
-.256*** -.189***  -.010 
 
 
    
(.040) (.047)  (.160) 
Table 1. (Continued)          
       Mother Received Public Assistance  
    
.261*** .222**  .231 
 
 
    
(.063) (.075)  (.273) 
       Father Received Public Assistance  
    
 .030 -.005  -.265 
 
 
    
(.093) (.090)  (.203) 
       Family Structure (ref. Two Parent family)          
              One Parent Family  
    
.148*** .020  -.144 
 
 
    
(.039) (.043)  (.120) 
              Other Living Situation  
    
.086* .077
*
  .232* 
 
 
    
(.032) (.037)  (.103) 
Social Bond          
       Attachment to Mother  
     
-.023  -.103 
 
 
     
(.017)  (.048) 
       Attachment to Father  
     
-.016   .009 
 
 
     
(.014)  (.053) 
       Attachment to School  
     
-.121***  -.027 
 
 
     
(.016)  (.051) 
       Grades  
     
-.108***  -.125* 
 
 







Contextual Level Variables (Level 2)          
      Concentrated Disadvantage        .082* .009 
        (.037) (.553) 
      Proportion of Asian Population        -.019 .029 
        (.026) (.026) 
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reference group is “Less than High School” 
 
 
           Total Population        .000 .000 
            Population Density 
 





        (.004) (.004) 
           Proportion of young men         .021 -.021 
         (.028)  (.040) 
           Proportion of high school graduates          .016  .061 
          .056 (.079) 
                  Random Part          
Variance at level 1 (within-group) 1.006 .995 .935 .840 .840 .745 .682 .865 .612 
 (.016) (.016) (.015) (.013) (.013) (.014) (.016) (.037) (.038) 
Variances and  covariances of random effects at Level 2          
        Variance of Intercept  .365 .371 .353 .324 .325 .316 .331 .510 .385 
 .029 (.029) (.026) (.024) (.024) (.026) (.029) (.116) (.009) 
       Covariance of Intercept  and Slope          
          
       Correlation of Intercept and Slope           
       Variance of  Slope           
          
 R
2
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